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Preface

Welcome to the 4th Workshop on Towards Knowledgeable Foundation Models (KnowFM 2026), co-
located with ACL 2026 and held in San Diego, California, United States, on July 3, 2026.

Foundation models have become vast repositories of world and task knowledge, yet how that knowledge is
acquired, stored, retrieved, and faithfully used remains only partially understood. KnowFM is organized
around the lifecycle of knowledge in foundation models, spanning four stages: how knowledge emerges
during pre-training, how it is injected from external sources, how it is updated or edited over time, and
how it is probed and generated at inference. The workshop brings together research on the analysis of
knowledge in foundation models (how much they know, where that knowledge comes from, and how
it is represented), knowledge injection during training and inference, retrieval-augmented generation,
knowledge updating and editing, knowledge extraction and distillation, hallucination mitigation and the
evaluation of faithfulness, knowledge conflicts between parametric memory and retrieved or long-context
information, and multimodal and agentic knowledge systems.

This fourth edition of the workshop accepted 38 papers. The present volume collects the 14 accepted
papers whose authors elected for archival inclusion in the ACL Anthology proceedings; the remaining
accepted papers were presented at the workshop on a non-archival basis. We are also delighted to host
invited talks by Sewon Min (University of California, Berkeley), Eunsol Choi (New York University),
Mohit Iyyer (University of Maryland), Danqi Chen (Princeton University), Yulia Tsvetkov (University of
Washington), and Luna Dong (Meta).

We are grateful to the 72 members of our Program Committee, whose careful and timely reviews made
the program possible, and to our Advising Committee, Heng Ji, Mohit Bansal, Isabelle Augenstein, and
Jiawei Han, for their guidance. We thank the authors for their contributions, the invited speakers for
sharing their perspectives, and the ACL 2026 organizers and publication chairs for their support. We
hope you find the workshop stimulating.

The KnowFM 2026 Organizing Committee
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Annotation Frameworks Shape Model Knowledge:
Safety Alignment in Large Language Models

Wajdi Zaghouani
Communication Program

Northwestern University in Qatar
Doha, Qatar

wajdi.zaghouani@northwestern.edu

Abstract
Large language models (LLMs) are commonly
described as acquiring knowledge through large
scale pretraining on textual corpora. This view
underestimates the epistemic consequences of
post training safety mechanisms. Modern
LLMs undergo extensive safety alignment via
curated datasets, human annotations, and re-
inforcement learning from human feedback
(RLHF), processes that do not merely constrain
outputs but actively reshape how propositional
and procedural knowledge is accessed and ex-
pressed. We propose a conceptual framework
in which safety alignment functions as a sys-
tematic form of knowledge editing at scale. An-
notation frameworks used to construct safety
datasets act as normative ontologies that par-
tition language into categories of acceptable
and unacceptable content, and alignment train-
ing propagates these distinctions into model
behaviour. We introduce the Safety Knowledge
Pipeline (SKP), a four stage framework describ-
ing how pretraining knowledge is progressively
filtered, reframed, and constrained through an-
notation and alignment mechanisms. We iden-
tify three mechanisms of knowledge modifica-
tion, suppression, reframing, and substitution,
each with distinct diagnostic signals, and we op-
erationalise them in a cross lingual evaluation
protocol. Throughout, we distinguish carefully
between behavioural claims that follow from
prior empirical literature and representational
claims that remain open hypotheses. Case stud-
ies spanning harmful instruction queries, hate
speech annotation in Arabic dialects, and cultur-
ally variable discourse illustrate the framework.
We further discuss how treating annotator dis-
agreement as a training signal rather than noise
can mitigate the culturally hegemonic effects
of current alignment pipelines.

1 Introduction

Large language models have become central infras-
tructure for natural language processing, exhibiting
remarkable capacity to store and express factual,

commonsense, and procedural knowledge (Petroni
et al., 2019; Brown et al., 2020). This has motivated
a research programme examining where that knowl-
edge comes from, how reliably it is expressed, and
whether it can be selectively modified (Meng et al.,
2022; De Cao et al., 2021; Ji et al., 2023).

A prevalent assumption in this programme treats
knowledge acquisition as essentially complete at
the pretraining stage. Post training processes such
as instruction tuning and safety alignment are then
understood primarily as behavioural constraints lay-
ered on top of already formed knowledge represen-
tations. The model knows what it knows; safety
training governs only what it says.

This paper argues that the assumption is incom-
plete. Safety alignment, as currently practiced,
does not merely constrain the expression of knowl-
edge but also restructures how knowledge is organ-
ised, accessed, and expressed. We use the term
knowledge in a deliberately scoped sense focused
on the classes of content that alignment pipelines
explicitly target. This is largely procedural content
(instructions, methods, advice) and culturally or
normatively loaded propositional content, rather
than non pluralistic facts such as standard ency-
clopaedic entries. The framework still applies
to non pluralistic facts when annotation policies
happen to touch them, but we do not claim that
all factual associations are reshaped uniformly by
alignment, and a reviewer correctly observed that
the strongest effects are on content that interacts
with the normative categories defined by annota-
tion. The restructuring we describe is mediated by
annotation frameworks, the guidelines that human
annotators use when constructing safety training
datasets. These guidelines do not passively reflect
pre existing facts about harm; they construct norma-
tive ontologies that partition language into policy
determined categories. When models are trained to
optimise reward signals derived from these annota-
tions, they internalise the ontological distinctions
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encoded in the guidelines in ways that alter how
parametric knowledge is exposed at inference time.

We are careful throughout to distinguish what is
shown from what is hypothesised. The behavioural
effects discussed in this paper (the suppression,
reframing, and substitution patterns observed at
inference) are supported by published empirical
work. The stronger claim that alignment modifies
parametric storage in the same mechanistic sense
as targeted editing methods such as ROME (Meng
et al., 2022) remains an open hypothesis. We mark
this distinction at each step rather than collapsing
the two.

This argument connects several threads that have
not previously been examined together: the me-
chanics of parametric knowledge editing (Meng
et al., 2022, 2023), inference time representation
control through steering vectors (Zou et al., 2023),
the epistemic effects of annotation design choices
(Röttger et al., 2022; Davani et al., 2022), the cul-
tural specificity of aligned model behaviour (San-
turkar et al., 2023), and empirical evidence that
alignment induces systematic bias against dialectal
varieties (Robinson et al., 2025). Placing these find-
ings within a unified framework shows they are not
isolated anomalies but systematic consequences
of treating alignment as a process of knowledge
construction.

Concretely, this paper makes four contributions.
We introduce the Safety Knowledge Pipeline (SKP),
a four stage framework describing how pretraining
knowledge is progressively shaped by annotation
and alignment. We identify and characterise three
mechanisms of alignment induced knowledge mod-
ification (suppression, reframing, and substitution)
with tighter operationalisations than prior work.
We provide a diagnostic taxonomy with automatic
proxy metrics for each mechanism, illustrated by
a worked example. And we propose a cross lin-
gual evaluation protocol designed to surface an-
notation framework induced knowledge boundary
mismatches across languages and cultures, includ-
ing a discussion of how pluralistic alignment can
mitigate these effects.

We position the paper explicitly as a concep-
tual contribution with a concrete evaluation agenda.
The empirical case for the framework rests on syn-
thesising prior published results, especially the AL-
QASIDA evaluation of nine LLMs across eight
Arabic dialect varieties (Robinson et al., 2025),
which provides direct behavioural evidence that
post training induces systematic dispreference for

under resourced language varieties. Implementing
the bypass probing and framing analysis compo-
nents of the protocol is the natural next step and is
left to future work.

2 Background and Related Work

Knowledge in LLMs. We focus the discussion
on two classes of content that alignment pipelines
explicitly target: procedural knowledge (instruc-
tions, methods, advice) and propositional content
that interacts with normative categories (claims
about harm, identity, culture, health, politics, and
similar domains). Pretraining primarily shapes
both classes through statistical association; safety
alignment then introduces an additional normative
layer that interacts with and reshapes downstream
expression. As Reviewer XLfk correctly noted
in review, we do not claim that all propositional
knowledge is reshaped uniformly. Non pluralistic
facts (e.g., capital cities, mathematical identities)
are typically not the target of safety annotation,
and where they are touched it is usually inciden-
tal to other categories (e.g., facts entangled with
culturally contested narratives).

Parametric knowledge and its distribution.
Petroni et al. (2019) demonstrated that LMs can
answer factual cloze style queries without retrieval.
Roberts et al. (2020) showed that scaling substan-
tially increases factual recall. Kandpal et al. (2023)
demonstrated that parametric knowledge is un-
evenly distributed: facts appearing rarely in train-
ing corpora are stored unreliably, creating a long
tail gap that interacts with alignment.

Knowledge editing. De Cao et al. (2021) pro-
posed constrained fine tuning for factual edits.
Meng et al. (2022) introduced ROME, which lo-
calises factual associations to specific feed forward
layers and overwrites them with rank one updates;
Meng et al. (2023) extended this to MEMIT for
batch editing. Mitchell et al. (2022) proposed
SERAC, a retrieval augmented editing approach.
These methods target precise, semantically specific
edits to discrete factual associations, often non plu-
ralistic ones (e.g., changing the answer to “Who is
the prime minister of the UK?”). We invoke ROME
and MEMIT only as a conceptual reference point
for the idea that model knowledge can be inten-
tionally modified after pretraining, not as a claim
that alignment operates through the same mecha-
nism. Reviewer XLfk correctly observed that this
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distinction matters: alignment is unlikely to modify
non pluralistic facts the way ROME does, and the
kind of content reshaped by alignment is mostly
normative and pluralistic.

Inference time representation control. A more
directly relevant body of work is the literature on
steering vectors and representation engineering.
Zou et al. (2023) showed that high level concepts
such as harmfulness, honesty, and power seeking
can be extracted as directions in activation space
and used to read or steer model behaviour at infer-
ence time without modifying weights. This work
is methodologically closer to the phenomena we
describe: it operates at the level of representations
that govern when and how the model expresses
normative content, rather than on discrete factual
associations. We treat steering vector findings as
evidence that the kind of content alignment shapes
(normative, attitudinal, instructional) is plausibly
encoded as distributed representational structure,
and as a candidate toolkit for empirically probing
the SKP.

Hallucination and factuality. Ji et al. (2023) sur-
vey a large literature on LLMs generating plausible
but unsupported content. Maynez et al. (2020)
showed abstractive summarisation models rou-
tinely introduce unsupported propositions. Lin et al.
(2022) introduced TruthfulQA for evaluating fac-
tual accuracy on misconception eliciting questions.
Our framework complements this literature: safety
alignment introduces a distinct source of factual
distortion, not confabulation from distributional
pressure but selective suppression and reframing
guided by normative annotation.

RLHF and safety alignment. Ouyang et al.
(2022) showed that RLHF substantially improves
instruction following and reduces harmful outputs.
Bai et al. (2022a) analysed trade offs between help-
fulness and harmlessness. Bai et al. (2022b) in-
troduced Constitutional AI (CAI), reducing depen-
dence on direct human annotation. Rafailov et al.
(2023) proposed DPO, simplifying alignment train-
ing. Across all these approaches, normative an-
notation categories (whether produced by humans
or by AI following written principles) remain the
epistemic foundation.

Annotation design and pluralism. Röttger et al.
(2022) distinguished prescriptive from descriptive
annotation, showing the two paradigms produce
systematically different models. Davani et al.

(2022) demonstrated that annotator disagreement
on toxicity reflects genuine social variation rather
than noise. Waseem et al. (2018) argued that hate
speech datasets import assumptions from legal do-
mains that do not transfer to computational set-
tings. This body of work establishes that annotation
frameworks are not neutral transcriptions of social
reality; they are, in the terminology we introduce
below, normative ontologies.

Arabic NLP and post training bias. Arabic
poses particular challenges for safety annotation
because of its diglossia and dialectal diversity
(Habash, 2010). Work on Arabic error annotation
has documented the difficulty of developing guide-
lines that transfer across regional varieties (Za-
ghouani et al., 2014). Arabic hate speech datasets
include L-HSAB for Levantine Arabic (Mulki et al.,
2019) and a dataset targeting religious hate speech
in Arabic Twitter (Albadi et al., 2018). Most di-
rectly, Robinson et al. (2025) evaluate nine LLMs
across eight Arabic dialect varieties and find that
post training makes models measurably more reluc-
tant to generate dialectal Arabic (DA), even when
the models understand DA well. Few shot dialectal
examples partially repair this bias. This is direct
behavioural evidence that post training alignment
introduces systematic dispreference for under re-
sourced language varieties, a concrete instantiation
of the knowledge boundary mismatch we theorise.

3 Annotation Frameworks as Normative
Ontologies

Safety alignment depends on large scale human
annotation in which annotators classify prompts
and responses according to categories defined by
annotation guidelines. We argue these guidelines
function as normative ontologies: they partition
the space of possible linguistic expressions into
categories that the alignment system subsequently
internalises.

Unlike factual ontologies (taxonomies of entity
types used in information extraction), safety anno-
tation guidelines carry explicit evaluative content.
A category such as “violent speech” or “medical
misinformation” does not merely describe a linguis-
tic property; it encodes a judgement about harm,
responsibility, and the appropriate response. This
normative loading has three consequences relevant
to our framework.

First, category boundaries are constructed rather
than discovered. Researchers, ethicists, and legal
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experts define where “offensive” ends and “ille-
gal” begins, where “discussing violence” differs
from “inciting violence”. As Röttger et al. (2022)
document, these decisions vary across frameworks
and have measurable downstream effects on model
behaviour.

Second, category membership is culturally vari-
able. Expressions that constitute insults or incite-
ment in one community may carry different valence
in another. Annotation frameworks that do not ac-
count for this variability encode culturally specific
assumptions as universal constraints (Davani et al.,
2022; Santurkar et al., 2023).

Third, the normative content of annotation cate-
gories is not recoverable from the model. A model
trained to suppress a category of queries does not
encode the normative reasoning behind suppres-
sion; it encodes a statistical association between
surface patterns and a reward or penalty signal. The
epistemic consequences of annotation design are
therefore difficult to audit from the model itself,
creating a transparency problem that governance
frameworks must address.

4 The Safety Knowledge Pipeline

We propose the Safety Knowledge Pipeline (SKP)
as a framework for understanding how pretrain-
ing knowledge is progressively shaped by annota-
tion and alignment. Figure 1 illustrates the four
stages. The framework’s added value, beyond re-
stating existing critiques of RLHF and annotation
bias, is twofold. First, it explicitly separates the
loci at which knowledge is shaped (annotation,
training, inference), which is necessary for attribut-
ing observed behavioural effects to specific design
choices. Second, it pairs each stage with a class of
intervention (annotation reform, training procedure
changes, inference time moderation), which gives
the framework prescriptive purchase that unstruc-
tured critiques lack.

Stage 1. Pretraining on large corpora yields con-
tent of the kinds described above. The form of this
content as “parametric knowledge” follows Petroni
et al. (2019).

Stage 2. Human annotators classify content ac-
cording to guidelines defining harmful or undesir-
able speech. These frameworks encode normative
judgements about what constitutes harm, who may
be harmed, and in what context. They function
as knowledge ontologies that categorise language

Stage 1: Pretraining Corpus
Propositional, procedural, and normative

content acquired via statistical association

Stage 2: Annotation Frameworks
Normative ontologies: harmful vs. acceptable

content; culturally specific category boundaries

Stage 3: Alignment Train-
ing (RLHF / SFT / DPO)

Normative categories propagated into model
behaviour via reward signal generalisation

Stage 4: Policy-Constrained Inference
Runtime moderation, system prompts, out-

put filters (behavioural, not parametric)

Figure 1: The Safety Knowledge Pipeline (SKP).
Each stage introduces additional normative constraints.
Stages 1 to 3 affect what knowledge the model can
express through training; Stage 4 applies behavioural
constraints at inference time. Distinguishing training
time (Stage 3) from inference time (Stage 4) effects is
key to understanding suppression persistence and by-
pass asymmetries, and is the natural axis along which
the framework can be empirically tested.

according to social and ethical criteria (Section 3).

Stage 3. Through RLHF, SFT, CAI, or DPO
(Ouyang et al., 2022; Bai et al., 2022b; Rafailov
et al., 2023), the model learns to approximate the
reward signal derived from annotator judgements.
This stage propagates the categorical distinctions
of the annotation framework into model behaviour.
Whether this propagation reaches into the parame-
ters in the same mechanistic sense as ROME style
edits is, as Reviewer cien correctly observed, an
open empirical question. The behavioural finger-
print is clear: aligned models systematically refuse,
reframe, or substitute on prompt classes that map
to annotation categories, and these patterns are re-
coverable by light fine tuning (Yang et al., 2023).
Whether the underlying representational change
is concentrated in particular layers or distributed
across the residual stream is the kind of question
that representation level methods, including steer-
ing vectors (Zou et al., 2023) and contrast based
probes (Burns et al., 2022), are well suited to in-
vestigate. We treat this localisation question as
an empirical agenda the framework licences rather
than a claim it establishes.

Stage 4. At inference time, system prompts, mod-
eration classifiers, and output filters apply addi-
tional constraints that are behavioural rather than
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learned. Distinguishing Stage 3 (training time)
from Stage 4 (inference time) effects is method-
ologically important because it identifies the inter-
vention point for any observed failure. The clean-
est experimental design is to compare open weight
model pairs at varying stages of post training (base,
SFT only, SFT + RLHF) with Stage 4 filters ab-
lated. This isolates the contribution of alignment
training itself from runtime moderation and is, in
our view, the most tractable next step for grounding
the framework empirically.

5 Three Mechanisms of Knowledge
Modification

We identify three mechanisms through which safety
alignment modifies knowledge behaviour. The
mechanisms are defined first in behavioural terms
(what the model does at inference time, which is
directly observable) and then linked to underlying
causes (what changed during training to produce
that behaviour). This separation responds directly
to Reviewer XLfk’s observation that earlier fram-
ings collapsed two distinct ideas. To make this
concrete: Reviewer XLfk asked what differenti-
ates “knowledge in model parameters condition-
ally inaccessible” from “does not engage with the
substance of the query”. The answer is that the
former is the internal state, while the latter is one
of several possible observable outputs from that
state. Suppression and substitution can both arise
from inaccessible knowledge but produce differ-
ent behavioural signatures: suppression produces
a refusal that the model itself recognises as such
(“I cannot help with that”), while substitution pro-
duces an affirmative response that does not address
the asked content (a safety redirect, professional re-
ferral, or topic change). The diagnostic taxonomy
in Section 6 operationalises this distinction.

5.1 Knowledge Suppression

Definition. Suppression occurs when, conditional
on a prompt that maps to a suppressed category,
the model declines to produce content it would oth-
erwise be capable of producing. The behavioural
signature is an explicit refusal (“I cannot help with
that”, “I am unable to provide such content”).

Evidence. Perez et al. (2022) showed that LM
generated red teaming prompts elicit harmful out-
puts from aligned models at rates substantially
above zero, with bypass patterns consistent across
model families. This demonstrates that suppres-

sion is implemented as statistical pattern matching
over prompt distributions: equivalent content arriv-
ing through a different surface form often elicits
the suppressed response. The empirical behaviour,
refusal under one surface form and answer under
another, does not require a strong claim about para-
metric storage. Yang et al. (2023) demonstrated
that fine tuning on roughly 100 harmful examples
with one GPU hour can subvert safety alignment
in open weight models, providing further evidence
that whatever parametric change alignment effects
is, at least in open models, shallow and reversible.

Knowledge asymmetry. Because suppression is
distributional rather than absolute, users with suffi-
cient prompt engineering sophistication can access
nominally suppressed information while others can-
not. This is a knowledge access asymmetry with
equity implications that the safety literature has
only partially addressed.

Diagnostic signal. Suppression is detected by
bypass probing: generating semantically equivalent
paraphrases and cross lingual variants of a target
query and measuring bypass rate. High bypass
rate indicates that suppression is implemented shal-
lowly (essentially as a prompt classifier) rather than
as a robust parametric change.

5.2 Knowledge Reframing
Definition. Reframing occurs when the model
produces a response that addresses the asked con-
tent but selectively emphasises or omits material in
ways that reflect the normative commitments of the
annotation framework. The behavioural signature
is an affirmative, on topic response that nonetheless
diverges systematically from a culturally appropri-
ate reference.

Evidence. Santurkar et al. (2023) showed
that aligned LLMs express opinions that cluster
in culturally specific ways reflecting the demo-
graphic distribution of annotators, demonstrating
systematic normative skew introduced by annota-
tion frameworks and propagated through alignment.
As a concrete illustration: when asked about tradi-
tional culinary practices, medicinal herbalism, or
historical political movements that hold different
valences in different communities, aligned models
tend to produce responses calibrated to the safety
norms of the annotation framework rather than to
the user’s actual context. This produces factual
incompleteness without triggering a refusal.

Diagnostic signal. Reframing is detected by
attribute coverage divergence: comparing salient
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attribute coverage in model responses against a
reference knowledge base (e.g., structured ency-
clopaedic sources or scholarly literature) using au-
tomated content selection metrics and framing lexi-
cons. Unlike suppression, which produces a null re-
sponse, reframing requires a reference response for
comparison. Inter annotator agreement on “com-
plete vs. reframed” should be reported and treated
as a key reliability check.

5.3 Knowledge Substitution

Definition. Substitution occurs when the model re-
places a substantive response with policy compliant
content that does not engage with the asked query.
Unlike reframing, which modifies content while
staying on topic, substitution swaps in a categori-
cally different kind of output: a safety warning, a
disclaimer, a referral to a professional, or a redirect
to other resources. The behavioural signature is an
affirmative response that is off topic with respect
to the question asked.

Evidence. Substitution is particularly conse-
quential in medical, legal, and cultural domains.
Bender et al. (2021) note that the costs and benefits
of safety mechanisms are not uniformly distributed:
restrictions that are acceptable inconveniences for
well resourced users may represent meaningful bar-
riers for others.

Concrete example. A user asks the model how
to manage a specific medication interaction. Three
possible responses are: (a) a refusal (“I cannot dis-
cuss medication interactions”), which is suppres-
sion; (b) a partial answer covering some interac-
tions while omitting the relevant one in a way that
diverges from a clinical reference, which is refram-
ing; (c) an affirmative answer that is off topic (“You
should consult a healthcare professional about med-
ication interactions. Here are some general princi-
ples of safe medication use . . . ”), which is substi-
tution. The three response types produce different
behavioural signatures and require different diag-
nostics.

Automatic proxy. Substitution can be detected
automatically as a first pass filter using a disclaimer
or safety redirect classifier. High recall on explicit
safety language (“consult a professional”, “I cannot
provide”) identifies clear substitution cases, which
can then be verified against reference responses
to confirm that the response is genuinely off topic
rather than merely cautious.

6 Taxonomy of Knowledge Modification
Patterns

Table 1 synthesises the three mechanisms into a
diagnostic taxonomy with operationalisable indica-
tors.

The taxonomy surfaces several important proper-
ties. First, the mechanisms differ in their detectabil-
ity: suppression produces a clear null signal, while
reframing and substitution produce affirmative re-
sponses that require a reference to identify as in-
complete or off topic. Second, they interact with
model scale differently: suppression may become
more consistent at larger scales as the alignment
reward generalises more reliably, while reframing
may become subtler as larger models produce more
fluent partial answers. Third, distinguishing refram-
ing from substitution at scale requires operational-
ising “informative vs. off topic” at the output seg-
ment level, which our automatic proxy (a safety
redirect classifier) handles as a first pass before
human adjudication.

7 Case Studies

7.1 Harmful Instruction Queries and
Suppression Reliability

When prompted with requests involving violence,
illegal activities, or dangerous technical instruc-
tions, aligned models typically refuse. This is
the canonical demonstration of suppression. Perez
et al. (2022) showed that LM generated red teaming
prompts can elicit harmful outputs at rates substan-
tially above zero, with consistent bypass patterns
across model families. Yang et al. (2023) demon-
strated that shadow alignment, a low resource fine
tuning procedure using roughly 100 harmful ex-
amples, substantially reverses suppression in open
weight models. This is direct evidence that, in open
models, alignment induced suppression is shallow
and recoverable.

These findings have a direct interpretation within
the SKP. Alignment training is conducted on a fi-
nite sample of annotation examples. The reward
signal generalises to distributionally similar queries
but degrades for queries approaching from direc-
tions not covered by the annotation framework. Im-
proving suppression reliability therefore requires
not better model architecture but better annotation
coverage, which in turn requires a systematic under-
standing of the query space that can access a given
class of suppressed content. This frames alignment
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Mechanism Responds? On topic? Automatic proxy Human adjudication crite-
rion

Suppression No (refusal) No (no answer) Cross lingual bypass rate
> threshold

Paraphrase elicits content ab-
sent from direct query

Reframing Yes (partial) Yes (selective) Attribute coverage diver-
gence vs. reference KB

Systematic omission of fac-
tual attributes present in
reference

Substitution Yes (off
topic)

No (redirect) Safety redirect classifier
score ≥ 0.8

Response fails to address do-
main specific query substance

Mixed Varies Varies Combination of above sig-
nals

Annotator adjudication of seg-
ment level type assignment

Table 1: Diagnostic taxonomy of alignment induced knowledge modification. The “Responds?” and “On topic?”
columns together separate the three mechanisms by behavioural signature alone. Automatic proxies provide scalable
first pass detection; human adjudication criteria specify the validation step. All three mechanisms can co occur in
long form generation.

improvement as a coverage problem rather than a
model capacity problem.

7.2 Arabic Dialects: Behavioural Evidence for
SKP Bias

The AL-QASIDA evaluation (Robinson et al.,
2025) provides the most direct empirical support
available for the SKP’s Stage 2 and Stage 3 claims
at the behavioural level. Evaluating nine LLMs
across eight Arabic dialect (DA) varieties, the au-
thors find that post training makes models more
reluctant to generate DA, even when those models
understand DA prompts well. Few shot DA ex-
amples partially repair this bias. Crucially, this is
not a failure of pretraining coverage; the models
understand DA. It is a failure of annotation cover-
age at Stage 2: post training safety and instruction
datasets are disproportionately built on MSA and
high resource varieties, so the alignment reward
signal effectively penalises dialectal output even
when it is benign and desired.

This finding connects directly to our suppres-
sion and reframing mechanisms. DA output is not
declined because it is harmful but because the an-
notation framework does not represent it as accept-
able. The result is a reframing toward MSA that
the user did not request, driven by normative an-
notation choices rather than by the content of the
query. This is precisely the form of alignment in-
duced knowledge boundary mismatch we theorise:
annotation frameworks developed in high resource
variety contexts impose their norms on deployment
contexts where different norms apply.

The broader Arabic case also illustrates the lim-
its of transfer from existing hate speech datasets.
L-HSAB (Mulki et al., 2019) and the religious hate

speech dataset of Albadi et al. (2018) focus on Lev-
antine and pan Arabic registers respectively, leav-
ing Gulf, Maghrebi, and other varieties underrepre-
sented. Harmful speech in these varieties that falls
outside the annotation framework’s distributional
support will not be suppressed; benign expressions
that superficially resemble training data patterns
may be incorrectly flagged. Both failure modes are
annotation coverage problems, not model capacity
problems.

7.3 Cultural Variation and Knowledge
Substitution

The normative specificity of annotation frameworks
also produces substitution in cross cultural contexts.
Santurkar et al. (2023) showed that aligned models
express culturally specific perspectives on neutral
descriptive questions, reflecting the demographic
skew of the annotation workforce. When a user
asks about traditional practices or culturally spe-
cific historical events, the model may provide a
response calibrated to the safety norms of the an-
notation framework rather than the user’s actual
context.

This form of substitution is difficult to detect
because it does not produce an explicit refusal. Our
automatic proxy (safety redirect classifier) will not
fire reliably; only attribute coverage divergence
against a culturally appropriate reference will re-
veal the substitution. This motivates the framing
analysis component of our evaluation protocol (Sec-
tion 8) and underscores the need for culturally di-
verse reference knowledge bases that go beyond
English language encyclopaedic sources.
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8 Towards Pluralistic Alignment

A central implication of the SKP is that current
alignment pipelines collapse the plural normative
views of annotators into a single reward signal. Da-
vani et al. (2022) showed that annotator disagree-
ment on toxicity judgements reflects genuine social
variation rather than noise. When this variation is
suppressed by majority vote aggregation during an-
notation, the resulting reward model embeds a sin-
gle normative view as universal, producing the cul-
tural hegemony effects documented by Santurkar
et al. (2023) and the dialectal bias documented by
Robinson et al. (2025).

A principled response is pluralistic alignment:
treating annotator disagreement as a training signal
rather than noise, and incorporating it into the re-
ward model in ways that preserve diverse normative
perspectives. Concretely, this could be achieved
through multi annotator reward models that predict
annotation distributions rather than majority labels
(Davani et al., 2022), mixture of experts reward
models in which distinct annotator populations are
modelled separately, or per locale policy routing
that applies culturally stratified safety norms at in-
ference time. Under the SKP framework, these are
not merely ethical improvements but technical im-
provements to annotation coverage, because they
reduce the gap between the normative ontology en-
coded in Stage 2 and the diversity of contexts in
which Stage 4 outputs are evaluated.

These approaches require changes to how dis-
agreement is handled at annotation time: measur-
ing and reporting inter annotator agreement dis-
tributions rather than collapsing them, preserving
annotator demographic metadata, and linking audit
findings to downstream model behaviour as de-
scribed in our evaluation protocol.

9 Evaluation Protocol

We propose a four component evaluation protocol
designed to measure alignment induced knowledge
modification across languages and cultures. Each
component targets a specific mechanism in the tax-
onomy of Table 1. We sketch the protocol here and
treat its implementation as the natural next step for
grounding the framework empirically.

Component 1: Cross lingual bypass probing.
For a target set of queries known to be suppressed
by a given model, generate semantically equiva-
lent paraphrases spanning English, MSA, and at

least two dialectal Arabic varieties (e.g., Egyptian
and Gulf Arabic), as well as other low resource
languages where feasible. Measure bypass rate by
paraphrase family and language, reporting asym-
metric suppression leakage (Perez et al., 2022).
Queries that bypass suppression in language L2

but not L1 indicate annotation coverage gaps at
Stage 2. Open weight model pairs (base vs. SFT
only vs. SFT+RLHF) with Stage 4 filters ablated
provide the cleanest design for isolating Stage 3
effects.

Component 2: Framing analysis. For a set of
queries with verifiable factual answers, compare
model responses against a culturally diverse refer-
ence knowledge base using content selection met-
rics (ROUGE-1 recall over salient attributes) and
framing lexicons. Report attribute coverage diver-
gence with inter annotator agreement on “complete
vs. reframed” classifications. Cross cultural com-
parison runs matched queries in multiple languages
and measures response divergence using semantic
similarity metrics, quantifying the extent to which
normative reframing varies with annotation frame-
work.

Component 3: Substitution detection. Apply a
safety redirect classifier (trained on explicit safety
language patterns) as a first pass filter over re-
sponses to domain specific queries in medical, le-
gal, and cultural domains. High scoring responses
are then adjudicated against expert authored ref-
erence responses to classify response segments as
informative, reframed, or substituted. Report sub-
stitution rates by domain and language to surface
knowledge accessibility disparities.

Component 4: Annotation framework auditing.
For publicly available safety datasets, audit annota-
tion guidelines against a culturally diverse reviewer
panel using a deliberative protocol in which review-
ers provide disagreement distributions rather than
majority labels. Link audit findings to observed
bypass, framing, and substitution rates to close
the loop between annotation design choices and
their epistemic consequences. This component op-
erationalises the transparency requirement for AI
governance discussed in Section 9.

Representation level probes. For open weight
models, the framework also licences a more mecha-
nistic line of investigation using steering vector and
contrast based methods (Zou et al., 2023; Burns
et al., 2022). Extracting directions associated with
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safety relevant concepts before and after alignment
training would directly test whether the represen-
tational geometry that governs suppression and re-
framing shifts with alignment, and where in the
network it sits. We treat this as the appropriate
next step for moving from behavioural to represen-
tational claims.

10 Implications and Discussion

Factuality evaluation. The factuality of aligned
LLMs cannot be assessed solely through pretrain-
ing data quality or parametric knowledge probing.
Suppression, reframing, and substitution introduce
systematic knowledge distortions not captured by
existing benchmarks. TruthfulQA (Lin et al., 2022)
and LAMA (Petroni et al., 2019) measure propo-
sitional accuracy but do not account for alignment
induced distortion. The evaluation protocol in Sec-
tion 8 provides a complementary framework target-
ing this gap.

Knowledge editing interactions. ROME (Meng
et al., 2022) and MEMIT (Meng et al., 2023) pro-
duce targeted edits to specific factual associations.
Alignment induced modification is broader and nor-
matively motivated. We do not claim that align-
ment edits factual associations in the manner of
ROME, and as Reviewer XLfk correctly pointed
out, this distinction matters: ROME targets discrete,
often non pluralistic factual content, whereas align-
ment shapes broad classes of pluralistic and norma-
tive content. A critical open question is whether
targeted factual corrections persist through subse-
quent alignment training. If alignment operates
through the same feed forward layers ROME mod-
ifies, targeted edits may be systematically overwrit-
ten; if alignment operates through different rep-
resentational channels (more plausibly distributed
across the residual stream (Zou et al., 2023; Burns
et al., 2022)), edits and alignment may interact in
more complex ways.

Governance and transparency. Framing align-
ment as a process that reshapes knowledge ac-
cess makes visible a dimension of epistemic gov-
ernance that has received limited scrutiny. Anno-
tation framework decisions about what counts as
harm, what content should be suppressed, and how
content should be reframed are consequential for
the epistemic capacities of deployed systems at
scale. Greater transparency about annotation guide-
lines, annotator demographics, and inter annotator

disagreement distributions is warranted, and our
evaluation protocol provides the infrastructure for
such transparency to be operationalised.

Open questions. A complete mechanistic ac-
count would require evidence about where in the
computational graph the three modification mech-
anisms operate. Representation engineering (Zou
et al., 2023) and contrast based probing (Burns
et al., 2022) are the most natural tools for this work.
CAI (Bai et al., 2022b) and DPO (Rafailov et al.,
2023) shift normative construction from human an-
notators to AI generated feedback; whether this
improves cultural representativeness is an open em-
pirical question. Mixed outputs combining refram-
ing and substitution require decomposition meth-
ods that segment level annotation alone may not
resolve.

11 Conclusion

We have argued that safety alignment in LLMs con-
stitutes a systematic reshaping of knowledge ac-
cess, mediated by normative ontologies encoded in
annotation frameworks. We introduced the Safety
Knowledge Pipeline to describe this process, iden-
tified three mechanisms of knowledge modification
(suppression, reframing, and substitution) with dis-
tinct diagnostic signals and automatic proxies, and
proposed a cross lingual evaluation protocol de-
signed to surface annotation framework induced
knowledge boundary mismatches. Behavioural evi-
dence from AL-QASIDA (Robinson et al., 2025)
provides direct support for the claim that post train-
ing alignment introduces systematic dispreference
for under resourced language varieties, a concrete
instance of the SKP operating as theorised. We
have been careful throughout to distinguish be-
havioural claims from representational ones, and
to mark the latter as an empirical agenda the frame-
work invites rather than a result it establishes.

The practical implications are immediate. Eval-
uators of LLM factuality should account for align-
ment induced distortion. Developers deploying
aligned models in multilingual settings should au-
dit annotation frameworks for cultural and dialectal
coverage. Researchers in knowledge editing should
treat alignment as a normatively motivated process
that shapes the same behaviours their targeted meth-
ods modify, and study the interaction empirically.
Governance bodies should treat annotation frame-
work design as epistemic governance.
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Limitations

This paper is a conceptual contribution. The three
modification mechanisms are supported by exist-
ing empirical literature but have not been measured
within a single controlled experimental paradigm.
The proposed evaluation protocol has not yet been
implemented; its feasibility, discriminative power,
and inter annotator reliability require empirical val-
idation. As Reviewer oQ1Z noted in review, the
distinction between training time (Stage 3) and
inference time (Stage 4) effects is central to the
framework and is also the most tractable empirical
target. The natural next step is to implement Com-
ponent 1 at minimum, a cross lingual paraphrase
suite spanning English, MSA, and at least two DA
varieties, comparing base, SFT only, and SFT +
RLHF model variants with Stage 4 filters ablated.
This would ground the framework with initial quan-
titative evidence and is the experiment we are most
interested in seeing the community undertake.

We have also been deliberately conservative
about claims regarding internal representations. Ex-
isting evidence is largely behavioural. Whether
alignment induced effects are concentrated in spe-
cific layers in the manner of ROME style edits, or
distributed across the residual stream in the manner
suggested by representation engineering work, re-
mains an open empirical question. Representation
level probes (Zou et al., 2023; Burns et al., 2022)
are the appropriate methodology for closing this
gap, and we treat that agenda as licensed by the
framework rather than established by it.

Our treatment of Arabic focuses on annotation
coverage gaps documented in existing literature.
Arabic is internally diverse, and the challenges we
describe are not uniform across its varieties. Sys-
tematic cross dialectal evaluation would refine our
arguments.

Annotation frameworks vary substantially across
organisations. The framework we offer is a gen-
eral analytical tool, not a characterisation of any
specific organisation’s practices.

Ethical Considerations

This paper analyses safety alignment and its epis-
temic consequences. We do not advocate for weak-
ening or removing safety mechanisms in deployed
LLMs. Safety alignment serves legitimate and im-
portant goals, and we affirm them.

Our critique is directed at the assumption that an-
notation frameworks are culturally neutral. Recog-

nising their normative commitments is a prereq-
uisite for designing alignment systems that serve
diverse populations equitably. We advocate for
greater transparency about annotation guidelines,
annotator demographics, and disagreement statis-
tics, and for treating annotator disagreement as sig-
nal rather than noise in future alignment pipelines.

We have deliberately avoided guidance that
could be used to circumvent safety mechanisms.
Discussion of suppression bypass is situated within
the published red teaming literature (Perez et al.,
2022) and does not introduce novel attack vectors.
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Abstract

Can factual errors in language models be re-
paired by editing a single hidden activation
at inference time? We compare blind edits,
which are not told the correct answer, with ora-
cle edits that receive answer-specific informa-
tion. On Pythia-6.9B, with corruption repli-
cated on Pythia-1B and GPT-2 XL, we find a
strong break/fix asymmetry: single-layer per-
turbations easily corrupt correct factual recall,
flipping 74–100% of initially correct answers,
but blind repair is much harder. On EntityCon-
fusion, twelve blind non-gradient interventions
from four families fail to repair stable halluci-
nations in the strict single-layer setting; relaxed
multi-layer or multi-head variants improve net
accuracy by only +3 percentage points. Blind
gradient optimization repairs more errors, but
often breaks already-correct answers. In con-
trast, oracle edits given the correct answer re-
pair many more hallucinations, fixing 68% at
the default layer and up to 82% at a better layer.
These results suggest that the main barrier is
not whether factual recall can be steered, but
whether a blind method can identify the right
target-specific direction. TriviaQA is a bound-
ary case: blind confidence maximization out-
performs the single-token oracle, but the com-
parison is complicated because evaluation ac-
cepts multiple aliases.

1 Introduction
This paper asks whether factual errors can be re-
paired by editing a model’s hidden activations at
inference time. The key difficulty is that a repair
method may or may not know what answer it is
trying to produce. We therefore distinguish blind
methods, which receive no answer-specific target,
from targeted and oracle methods, which do. This
distinction is central: a model may contain a recov-
erable answer direction, while a blind method may
still fail to identify it.

Language models often produce fluent but factu-
ally incorrect answers (Ji et al., 2023; Zhang et al.,

2023). One approach is to edit the model’s internal
activations at inference time: adding a direction to
a hidden state, suppressing features, or optimizing
a perturbation vector (Li et al., 2024; Zou et al.,
2023; Burns et al., 2023). Unlike weight editing,
these interventions are temporary and can be ap-
plied per-example.

We use the following terminology throughout.
A method is blind if its objective contains no
candidate answer, alias, or answer embedding;
blind methods may use training-set labels to learn
generic directions but never consult the gold an-
swer at test time. We separate blind methods into
blind non-gradient methods (SAE feature edits,
direction steering, probe/ITI steering, activation
patching—12 interventions from 4 families, in-
cluding one random-suppression control, none us-
ing per-instance optimization) and blind gradient
methods (per-instance optimization of confidence,
margin, or entropy using only the model’s own
output distribution; answer-agnostic, though con-
fidence maximization may reinforce the current
top token). A self-targeted method derives a per-
question intervention from the model’s own hid-
den states (e.g., decode-and-steer); it is not blind
because it constructs a candidate answer embed-
ding. A target-informed method receives question-
specific signal about the correct answer at test time
(e.g., a contrast prompt known to elicit the gold
answer). An oracle receives the known correct
answer and serves as a controlled reference, not a
universal ceiling.

We study single-layer activation edits for factual-
recall tasks, primarily on Pythia-6.9B with corrup-
tion replicated on Pythia-1B and GPT-2 XL and
oracle repair on GPT-2 XL, across two benchmarks.
Our main finding is a break/fix asymmetry: un-
der the tested perturbation families, perturbing a
single layer easily corrupts correct factual recall
(74–100% of correct answers flipped), but blind
repair is far less effective. Across twelve blind non-
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gradient interventions from four families (including
one random-suppression control; evaluated on their
respective pools; Tables 4, 3), the best net accu-
racy gain is +3 pp on V1, from relaxed multi-layer
or multi-head upper-bound variants only (8-layer
probe and top-10-head ITI). Among V1-evaluated
families, all blind non-gradient single-layer single-
direction or single-source methods fix 0/37 stable
hallucinations; on 500-raw, CIS suppression and
SAE exchange have near-zero effect (|∆| ≤ 1.6 pp)
while direction patching collapses accuracy. Linear
probes distinguish correct from hallucinated gen-
erations (AUROC .896 on EntityConfusion), but
steering along the single-layer probe direction does
not repair the outputs.

A natural objection is that non-gradient methods
are too constrained. We therefore also study blind
per-instance gradient objectives. Unconstrained
confidence maximization fixes 39% on EntityCon-
fusion, but the optimized vectors are 3.5× larger
than oracle vectors, point in unrelated directions
(cosine −0.04; §4.1), and break 48% of correct an-
swers (net: −9 questions, counting fixes and breaks
from separate evaluation subsets). When capped
to oracle norm, confidence maximization drops to
11%, though norm-capped margin maximization
retains 26%; both remain far below the oracle’s
68%.

To isolate why repair fails, we conduct oracle
ablations (Table 5): a single Adam step achieves
the same aggregate fix rate as 50 steps; optimizing
toward a wrong or shuffled answer fixes ≤ 3%;
and Gaussian noise (σ=0.25) drops the fix rate by
more than half (from 68% to 30%). These results
are consistent with a direction-selection bottleneck
on EntityConfusion: high-rate, low-collateral re-
pair appears to require target-conditioned direc-
tional information that blind methods fail to iden-
tify. The oracle gradient is one effective direction,
but prompt-contrast results show it is not necessar-
ily unique (§4.1).

The asymmetry varies by error type. EntityCon-
fusion errors are often latent-recall errors (median
correct-answer rank 16); TriviaQA errors appear
predominantly far-from-surface under the canon-
ical first token (median rank 1,275; alias proxim-
ity unverified). On latent-recall errors, confidence
maximization is audit-set net-negative. On Trivi-
aQA, the tested blind non-gradient steering meth-
ods still fail (≈ 1%) but blind gradient optimization
fixes 62% while breaking 42% of correct answers
(audit-set net +10; above the single-token oracle;

§4.2).
Self-targeted and target-informed methods par-

tially succeed: on EntityConfusion, a gradient
oracle fixes 68%, decode-and-steer fixes 8% in-
domain (0% on TriviaQA), and prompt-contrast
fixes 90% per question (n=21; in-domain only).
CIS yields only a weak signal (AUROC 0.58) that
vanishes under Top-K SAEs; CIS-guided suppres-
sion has zero net accuracy effect (§5).
Contributions.

1. The break/fix asymmetry. Corruption (74–
100%, replicated across three models using
different strong perturbation types) is consis-
tently easier than blind non-gradient repair
(≤ +3 pp net on Pythia-6.9B, the only model
where blind repair was evaluated); blind gra-
dient methods show mixed results with sub-
stantial collateral on EntityConfusion (Ta-
bles 3, 5).

2. A target-specific direction-selection bottle-
neck on EntityConfusion. Oracle ablations
are consistent with blind methods failing to
identify an effective per-question direction for
high-rate, low-collateral repair (Table 5).

3. Boundary conditions on repair. Oracle-
gradient edits fix 68% at L30 (82% at L24)
on Pythia-6.9B (58% on GPT-2 XL); per-
question prompt-contrast fixes 90% (n=21).
On TriviaQA, blind confidence maximization
outperforms the single-token oracle (62% vs.
22%), possibly due to multi-alias evaluation
(§4.2).

4. CIS negative result. CIS from dense L1

SAEs (L0 ≈ 5,511 active features) yields a
weak hallucination signal (AUROC 0.58) that
vanishes under Top-K SAEs, and CIS-guided
suppression has zero net accuracy effect (§5).

Table 2 maps each claim to its evaluation pool,
sample size, and result.

2 Background
Factual errors in LMs. Language models rou-
tinely produce text that contradicts established
knowledge (Ji et al., 2023; Zhang et al., 2023).
Prior work detects (Kadavath et al., 2022; Manakul
et al., 2023), mitigates (Ouyang et al., 2022; Lewis
et al., 2020; Li et al., 2024), and benchmarks (Lin
et al., 2022; Min et al., 2023; Li et al., 2023) such
errors, but largely treats them as a behavioral phe-
nomenon without probing internal mechanisms.
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Regime Signal Repair result Scope / note

Corruption Perturbation‡ 74–100% 3 models
Blind non-grad No target ans. 0%/+3 pp† tested 4 fam.
Blind gradient No target ans. 11%∗ norm-ctrl
Self-targeted Latent→steer 8% 0% Triv.
Prompt contrast ∆h 90% per-Q n=21

Oracle (EntConf) Correct grad. 68%/58%§ 2 models
Oracle (Triv) Single-token cor. 22% Py-6.9B
∗Conf. max at oracle ∥v∥; 39% uncapped but audit-set net
−9.
†0% for single-dir./source methods; best relaxed variant (8-
layer probe): 16% gross; best net: +3 pp.
‡SAE feature zeroing (100% on Py-6.9B V1) or random noise
(74–96% elsewhere).
§Default Py-6.9B L30; 82% at L24; 58% on GPT-2 XL.
Figure 1: Intervention regimes ordered by target informa-
tion. Blind non-gradient methods rarely repair factual errors.
On EntityConfusion, repair improves with answer-specific
directional information.

Features in superposition. The superposition
hypothesis (Elhage et al., 2022) posits that neural
networks encode more features than dimensions;
SAEs (Sharkey et al., 2022; Bricken et al., 2023;
Cunningham et al., 2024; Templeton et al., 2024)
decompose these into interpretable features. Our
starting hypothesis was that feature-level interfer-
ence (CIS) might predict or repair hallucinations
(Figure 2); its failure (§5) motivated the broader
study.
Knowledge localization and editing. Factual
knowledge is stored in specific components (Geva
et al., 2021; Meng et al., 2022); weight-
editing methods (ROME (Meng et al., 2022),
MEMIT (Meng et al., 2023)) modify factual as-
sociations; representation engineering (Zou et al.,
2023) steers along linear directions. Our work tar-
gets activation-level interventions for factual-error
repair.
Representation-based error detection.
CCS (Burns et al., 2023) extracts truth di-
rections from contrast pairs; linear probes reach
high AUROCs for hallucination detection (Ka-
davath et al., 2022; Marks and Tegmark, 2024);
ITI (Li et al., 2024) shifts attention heads. Our
results complicate this: probes detect hallucina-
tions (AUROC .896), yet steering along the probe
direction produces zero repair.

3 Experimental Setup
Models. Our primary model is Pythia-6.9B (32
layers, d=4,096) (Biderman et al., 2023). We ex-
tend selected analyses to Pythia-1B (16 layers,
d=2,048) and GPT-2 XL (48 layers, d=1,600):
corruption on both, oracle repair on GPT-2 XL.
For cross-model corruption, noise is calibrated to

Table 1: Evaluation settings. The 500-raw pool is the undedu-
plicated EntityConfusion prompt set; V1 is the 100-question
deduplicated subset; V2 extends V1 with 16 additional en-
tity groups (312 Qs total). ∗One borderline item is halluci-
nated under the gradient evaluation environment but not under
the canonical baseline; gradient, oracle, and D&S analyses
include it. †Break rates use a separate 50-question correct-
answer audit subset. ‡Probes/ITI use 80 hallucinations; ora-
cle/confmax use 50.

Setting Model Lyr Hal.n Cor.n Methods

V1 (probes) Py-6.9B 24 37 63 probe, ITI
V1 (act. patch.) Py-6.9B multi## 37 63 act. patching
V1 (gradient) Py-6.9B 30 38∗ 50† oracle, grad
V1 (D&S) Py-6.9B 24 38∗ — D&S
500-raw Py-6.9B 24 ∼222 ∼278 CIS, SAE edits
V2 Py-6.9B 30 102 50† robustness
V1 Py-1B n-f§ — — corruption
V1∥ GPT-2 XL n-f§ 50 50 corrupt., oracle
TriviaQA Py-6.9B 24/30¶ 80/50‡ 50 probes, orac., grad
§n-f = near-final layer of respective model.
∥Same V1 prompts; halluc./correct counts are model-specific.
##Same-group: 16 layers; same-entity: all 32 layers.
¶Probe/ITI at L24; oracle/confmax at L30.

1.5× the mean hidden-state norm at the near-final
layer.

Benchmark. The EntityConfusion raw pool con-
tains 500 prompts (multiple phrasings per entity-
attribute pair) spanning 37 entities in 5 semantic
groups (European capitals, physicists, scientists,
rivers, historical events); on V1, only 11% of hallu-
cinations (4/37) are same-group substitutions. We
define V1 as the 100-question deduplicated subset
(one question per entity-attribute pair; 37 halluci-
nations, 63 correct); V2 extends V1 with 16 ad-
ditional entity groups (312 Qs total, 102 halluc.).
SAE intervention experiments use the undedupli-
cated 500-prompt pool (“500-raw” in Table 1); CIS
prediction is reported on V1. Different intervention
families use different pools; all tables note the pool
and baseline.

Evaluation. We generate answers with greedy
decoding (max 15 tokens) and evaluate with
normalized containment matching: lowercased,
stripped of articles/punctuation; correct if either
string contains the other (e.g., model output “The
Danube River” matches gold “Danube”). On
EntityConfusion, re-evaluating with strict exact
match changes no intervention outcome. For Triv-
iaQA, evaluation accepts any of 5–15 aliases per
question; this matters for interpreting confidence-
maximization results (§4.2).

Default protocol. Unless stated otherwise, re-
sults refer to Pythia-6.9B on EntityConfusion V1.
Probe, ITI, and activation-patching methods are
evaluated on the 37 stable V1 hallucinations; SAE
feature edits, CIS suppression, and direction patch-
ing use the 500-raw pool (Table 1). Gradient and
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France Japan

Correct output

(a) No overlap
Austria Australia

Interference

Wrong output

(b) Feature overlap

Austria Australia

Still wrong

(c) CIS suppression

Figure 2: Starting hypothesis: feature interference. (a) Concepts with non-overlapping features produce correct outputs.
(b) When concept features overlap in superposition, interference could corrupt the output. (c) We tested whether suppressing
interfering features via CIS restores correct generation; it does not. The paper’s primary finding is instead a break/fix asymmetry
(§4.1).

oracle methods use the 38-item gradient pool (one
borderline item is hallucinated only in the gradient
evaluation environment). For gradient/oracle meth-
ods, correct-answer break rates are measured on a
separate 50-question correct-answer audit subset;
probe/ITI net changes on V1 are computed over the
full 100-question pool. Single-layer interventions
are our default scope; the best blind non-gradient
results (+3 pp) are tied between the 8-layer probe
and top-10-head ITI variants and are reported as
upper bounds.

Intervention framework. We organize
activation-level interventions into six regimes
ordered by increasing target information (Figure 1).
A method is blind if it receives no target-specific
information identifying the correct answer.
(1) Corruption: random noise or feature destruc-
tion. (2) Blind non-gradient: SAE feature edits,
direction steering, probe/ITI steering, activation
patching (12 interventions from 4 families, includ-
ing one random-suppression control). (3) Blind
per-instance optimization: gradient descent on the
model’s own output distribution, maximizing top-
token probability (confidence), the gap between
top-two tokens (margin), or minimizing output
entropy, for 50 Adam steps without correct-answer
access. (4) Self-targeted: decode-and-steer
(derives direction from the model’s own decoded
embedding). (5) Target-informed: prompt-contrast.
(6) Oracle: gradient optimization toward the
known correct answer (controlled reference). All
gradient-based interventions target the residual
stream at a single layer (default: L30; SAE/probe
methods use L24). For steering-based non-gradient
methods, the intervention is α · v̂ where v̂ is the
learned direction; SAE feature edits and activation
patching modify the hidden state differently
(Eqs. 3, Table 4). For gradient methods, v is
optimized directly. The vector is added at the final
sequence position, reapplied at each autoregressive

step; gradient objectives are optimized on the
first generated token. Multi-layer variants are
tested where noted. We report bootstrap 95%
CIs (n=2,000) for aggregate statistics, one-sided
Clopper–Pearson intervals for binomial fix/break
rates, and permutation tests (n=10,000). Because
several intervention families were explored with
small hallucination pools, best-hyperparameter
results should be read as optimistic upper bounds
rather than held-out deployment estimates.

Blind gradient objectives. Let pv(y | x) and
zv(y | x) denote the first-token probability and
logit under additive intervention v. Entropy min-
imization minimizes H(pv). Confidence maxi-
mization maximizes maxy log pv(y | x); the max-
imizing token is reidentified at each step. Mar-
gin maximization maximizes zv(y(1))− zv(y(2));
which tokens are top-two is recomputed per step.
None of these objectives contains the gold answer.
All gradient-based interventions use Adam for the
specified number of steps and are evaluated by
the final generated string, not by the optimized
first-token objective alone. The oracle optimizes
log pv(y

∗ | x) where y∗ is the first token of the
known correct answer.

Noise ablation protocol. The noisy-oracle exper-
iment (Table 5) adds Gaussian noise to the one-step
oracle direction: v′ = voracle+ϵ, where each coordi-
nate ϵj ∼ N (0, σ2 · ∥voracle∥2). Because the noise
is i.i.d. across d=4,096 coordinates, the expected
noise norm is σ

√
d ∥voracle∥ ≈ 64σ ∥voracle∥; even

σ=0.10 adds noise ∼6× the oracle norm. The per-
turbed vector is not renormalized, so these rows
conflate directional and magnitude perturbation;
we do not draw angular-precision conclusions from
this experiment alone. Results are averaged over 5
noise seeds; the core direction-selection evidence
comes from the target-identity, norm-capping, and
cosine-alignment controls (§4.1).
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Table 2: Evidence map. Each claim is tied to one pool, sample
size, and result. V1 has 37 stable hallucinations; oracle and
gradient analyses include one borderline question (n=38).

Claim Pool n Result Ref.

Break/fix asymmetry
Corrupt breaks V1,V2,Tr†† varies 74–100%§ §4.1
Blind n-g
(dir/src)

V1 37 0/37 T4

Blind n-g (re-
laxed)

V1 37/63 +3 pp net T3

Blind n-g fails Triv 80 ≈1% §4.2

Direction-selection bottleneck
Oracle gap V1 38 68% T5
1-step=50-step V1 38 68%=68% T5
Wrong/shuf
fails

V1 38 ≤3% T5

Noise
σ=0.25⋄

V1 38 30% T5

Capped conf.
max

V1 38 11% T5

Alignment V1 38 −0.04 §4.1
Orac L24 V1 38 82% §4.1
Orac replic GPT2 50 58% §4.1

Oracle limits
Orac replic Triv 50 22% §4.2

Self-targeted / target-informed
D&S in-dom V1 38 8% T4
D&S out-dom Triv 80 0% §4.2
Prompt-contr V1 21 90% §4.1

Weight-editing baseline
ROME edit V1¶¶¶ 59 ≤2% §6

CIS negative result
CIS predict V1 100 AUC .58 §5
CIS suppress 500-raw ∼500 ∆=0 T4
§SAE feature zeroing on Py-6.9B V1; random noise elsewhere.
⋄Combined direction/magnitude stress test (not renormalized).
††V1 tested on 3 models (Py-1B 74%, GPT-2 XL 96%); n varies by pool.
¶¶¶n=59 reflects ROME’s entity-pair testing; not the V1 hallucination count.

4 The Break/Fix Asymmetry
Table 4 organizes the blind methods into four fami-
lies: (a) SAE feature editing (CIS suppression and
exchange; §5); (b) direction patching; (c) hidden-
state steering (probe steering, ITI); (d) activation
patching; plus self-targeted decode-and-steer. Ta-
ble 3 summarizes the core result: within every
benchmark shown, corruption flips 74–100% while
blind non-gradient methods yield at most +3 pp
net on V1 (from relaxed multi-layer/multi-head
variants only). Three tiers emerge: (i) single-
direction/source steering methods fix 0/37 on V1
(n=38 for gradient analyses); (ii) multi-layer or
multi-head variants reach +3 pp net; (iii) blind gra-
dient methods fix more but with collateral (Table 5).
Our default scope is single-layer interventions.

4.1 Intervention Results
Blind non-gradient methods do not yield reliable
repair. Table 4 reports twelve interventions from
four families (including one random-suppression

Table 3: Within-benchmark comparison (not same-
sample): blind non-gradient methods do not yield more
than small gains on any benchmark tested. Blind non-
gradient methods achieve at most +3 pp net accuracy on V1;
blind gradient methods have higher gross fix rates but sub-
stantial collateral (Table 5). Oracle/gradient use n=38 on V1;
break rates use a separate 50-question correct subset. D&S
fixes 8% on V1, 0% on TriviaQA.

Pool Model Corrupt Blind n-g Orac. neval

V1 Py-6.9B 100% +3 pp 68%† 37⋄/63
V2 Py-6.9B 84% +2 pp§§ 78% varies#

V1 Py-1B 74% n.r.⋆ n.r.⋆

V1 GPT-2 XL 96% n.r.⋆ 58% 50
Triv. Py-6.9B 82% ≈1% gross¶ 22%‡ 80/50¶¶

Blind n-g = blind non-gradient (net pp where measured; gross rate on Triv.);
blind gradient results in Table 5.
⋆n.r. = not run for this model.
†Oracle uses n=38 (one item fluctuates across runs).
¶ITI fixes 1/80 (1% gross); probe steering 0/80; probe corruption flips 5/50
correct at α=16.
‡Blind conf. max fixes 62% on Triv., above oracle; see §4.2.
¶¶80 for probe/ITI; 50 for oracle/confmax.
#Oracle: 50-question subset of 102 V2 hallucinations; blind n-g: full V2 pool;
corruption: separate correct-answer subset.
§§8-layer probe on V2 (n=102 halluc.); method and α matched to V1 best.
⋄37 stable halluc./63 correct; oracle/gradient use 38 (one borderline item; see
†); +3 pp is over the full 100-Q pool.

control). CIS suppression produces zero accuracy
change (p > 0.99); four SAE exchange variants
yield at most 1.4 pp; direction patching collapses
accuracy to 15.4%. Probe steering has no effect at
layer 24; multi-layer steering fixes 6 but breaks
3 (net +3.0 pp). ITI fixes 4 while breaking 1
(+3.0 pp net); activation patching fixes none. The
multi-layer (8-layer) probe and multi-head (top-10)
ITI cap the net gain at +3 pp.

Each method underwent systematic hyperparam-
eter search; we cannot rule out that a future method
with a novel inductive bias could succeed.

Corruption is easy across models (perturbation
types differ). We test corruption by (1) zero-
ing entity-specific SAE features on Pythia-6.9B
(100% flipped) and (2) norm-calibrated random
noise (1.5× mean hidden-state norm) for cross-
model and cross-pool tests. The perturbation type
differs (SAE feature destruction vs. random noise),
so cross-model rates are not directly comparable;
the shared conclusion is that correct recall is fragile
under strong single-layer perturbations. Random
noise flips 74% on Pythia-1B, 96% on GPT-2 XL,
84% on V2, and 82% on TriviaQA.

Oracle ablation isolates the direction-selection
bottleneck. To understand why blind methods
fail, we compare them against a gradient oracle
that optimizes a steering vector toward the known
correct answer at layer 30. The oracle fixes 26/38
hallucinations (68%, CI [51%, 82%]), far above all
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Table 4: Activation-level repair methods on EntityConfusion.
Each section header specifies the evaluation pool and cor-
responding baseline accuracy. SAE and direction-patching
methods use the full 500-prompt pool (baseline 55.6%, which
includes duplicate phrasings); probe, ITI, and patching meth-
ods use the deduplicated V1 pool (100 Qs, baseline 63.0%,
37 stable hallucinations). Decode-and-steer uses n=38 hallu-
cinations (one borderline question included). Methods fixing
0/37 on V1 have a one-sided 95% Clopper–Pearson upper
bound of 7.8%.

Method Details Acc ∆

SAE feat. edit (500-Q pool, base 55.6%)

CIS suppression m=30 55.6 +0.0
Random suppr. m=30 54.0 −1.6
Exchange (4 var.) SAE feats 54–56 |∆|≤1.4
Dir. steering (500-Q pool, base 55.6%)

Dir. patch α=4.0 15.4 −40.2

Hidden steering (V1, base 63.0%)

Probe (L24) α∈[.5, 16] 63.0 +0.0
Probe (8 layers) α=4.0 66.0 +3.0
ITI top-10 α=4.0 66.0 +3.0

Act. patching (V1, base 63.0%)

Same-group 16 layers — 0/37 fixed, 0 broken
Same-entity all layers — 0/10 fixed

Decode-&-steer (V1, n=38 halluc)

Answer decoder L24, best α — 3/38
Leave-one-out same — 3/38

blind methods on EntityConfusion. With our opti-
mizer and hyperparameters, joint multi-layer opti-
mization (all 32 layers) did not outperform single-
layer L30 (68%), despite the search space contain-
ing better single-layer solutions (L24: 82%); we
treat this as an optimization failure, not evidence
that multi-layer edits lack additional capacity. L30

is the default for comparability with blind gradient
experiments. Table 5 disentangles three factors:

Budget. A single Adam step at L30 fixes 26/38
(68%), the same aggregate rate as 50 steps; addi-
tional steps increase norm from 32 to 53 without
changing which questions are fixed.

Target identity. The wrong-answer oracle
changes all 38 outputs but fixes 0/38. The shuffled-
target oracle, which optimizes toward a randomly
reassigned correct answer, fixes only 1/38 (3%),
even below the random-direction rate (11%), pos-
sibly because answer-specific gradients toward an-
other entity actively push mass away from the cor-
rect answer. The oracle requires the correct answer
for the specific question at hand.

Direction-and-magnitude stress test. Adding
Gaussian noise at σ=0.25 (expected noise norm
∼16× the oracle vector) drops the fix rate to 30%;
at σ=1.0, to 6%. Because noise dominates the sig-
nal at σ ≥ 0.25, this confirms sensitivity to very

Table 5: Oracle ablation (n=38, Pythia-6.9B, L30). Noisy
oracle: Gaussian noise with per-coordinate standard deviation
σ·∥voracle∥ added to the 1-step direction (see §3); the perturbed
vector is not renormalized, so these rows conflate directional
and magnitude perturbation. Budget-parity: same 50-step
Adam with blind objectives. Norm-capped: ∥v∥ ≤ 53 (50-
step oracle mean). Break counts are measured on a separate
50-question correct subset. Fractional counts (noisy oracle,
random direction) are averages over 5 seeds.

Condition Fixed Rate Broken

Correct-answer oracle
1 step 26/38 68% —
50 steps 26/38 68% 6/50

Noisy oracle (1-step + noise)
σ = 0.10 26.4/38 69% —
σ = 0.25 11.4/38 30% —
σ = 0.50 5.6/38 15% —
σ = 1.00 2.2/38 6% —

Target controls (50 steps)
Wrong-answer oracle 0/38 0% —
Shuffled-target oracle 1/38 3% —
Rand. dir. @ oracle ∥v∥ 4.2/38 11% —
Rand. dir. @ confmax ∥v∥ 2.6/38 7% —

Budget-parity (50 steps, blind, unconstrained)
Entropy minimization 3/38 8% —
Confidence maximization 15/38 39% 24/50
Margin maximization 15/38 39% 24/50

Norm-capped (∥v∥ ≤ 53)
Conf. max (norm-capped) 4/38 11% 29/50
Margin max (norm-capped) 10/38 26% n.m.¶

¶n.m. = not measured.

large unrenormalized perturbations (σ=0.10 leaves
repair intact despite ∼6× noise norm) but does
not isolate directional precision from magnitude
effects.

Interpretation. These ablations are consistent
with a target-information bottleneck: on Entity-
Confusion, high-rate low-collateral repair appears
to require question-specific target information. The
strongest evidence comes from target-identity con-
trols (wrong-answer and shuffled-target oracles fix
≤3%) and norm-capped confidence maximization
collapsing to the random-direction rate. Confi-
dence maximization does not recover the oracle-
gradient direction (cosine −0.04), but prompt-
contrast achieves 90% per-question repair with
similarly low oracle cosine (.04); the bottleneck
is therefore target-specific directional information,
not alignment with one privileged oracle vector.
Norm-constrained analysis reveals magnitude
dependence. Unconstrained confidence maxi-
mization fixes 39%, but the resulting vectors are
3.5× larger than oracle vectors (∥v∥ = 183 vs.
53). Capping at the oracle norm reduces the fix
rate to 11% (CI [3%, 25%]). Norm-capped margin
maximization retains 26%, above random (11%),
indicating some directional signal; however, col-
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lateral damage makes the net effect strongly nega-
tive for confidence maximization (−25 questions).
Gross repair is strongly magnitude-dependent, but
collateral damage is not monotonic in norm: norm-
capped confidence maximization breaks more cor-
rect answers (29/50) than uncapped (24/50); we
do not fully understand this inversion. Random
directions at the unconstrained norm fix only 7%,
well below 39%, so the optimizer finds a weakly
informative but non-oracle-aligned direction requir-
ing outsized magnitude.

The optimized directions show no positive align-
ment with oracle directions (cosine −0.04, permu-
tation p > 0.99); overlap in fixed questions (9/38)
is no larger than chance. Collateral damage com-
pounds: confidence maximization breaks 24/50
(48%) of the audit subset, net −9 questions; norm-
capped, −25 questions. The oracle breaks only
6/50 (12%), net +20 questions.

Replication across pools and models. The
magnitude-dependence pattern replicates on V2
(norm-capped: 10%, net −4 questions); GPT-2 XL
replicates the oracle/wrong-target contrast (58% vs.
2%), with the 1-step rate (34%) below 50-step. On
TriviaQA, the 1-step and 50-step rates match at
22%.

Self-targeted and target-informed methods par-
tially succeed but do not generalize. Prompt-
contrast and oracle methods exceed the blind non-
gradient ceiling; decode-and-steer (8% gross) mod-
estly exceeds the single-source zero-repair results
but not the multi-layer upper bound.

Prompt-contrast uses the hidden-state differ-
ence between a prompt eliciting the correct answer
and one eliciting the wrong answer. Per-question
prompt-contrast fixes 19/21 questions (90%, CI
[70%, 99%]), but the global mean direction fixes
only 12/38 (32%) while breaking 12/50 (net ≈ 0).
Prompt-contrast directions are no more aligned
with oracle directions than random vectors (cosine
.04, permutation p > 0.5), showing that effective
repair directions need not coincide with the oracle
gradient.

Decode-and-steer trains a Ridge regression from
layer-24 hidden states to the correct-answer em-
bedding, then steers toward it. This fixes 3/38
in-domain (8%), 0% on TriviaQA; the decoded em-
beddings point toward the correct answer 27/38 of
the time but steering rarely flips the output.

Oracle repair at the default L30 on V1 fixes 68%
on Pythia-6.9B and 58% on GPT-2 XL; L24: 82%,

and 0.75× magnitude fixes 76% (above full magni-
tude), so the result depends on layer and magnitude.
Decode-and-steer fails on TriviaQA (0%), and the
global prompt-contrast direction loses most per-
question benefit (32% vs. 90%).
Oracle subspace geometry. The repair subspace
is low-rank: projecting each oracle vector onto the
top-10 PCs preserves 66% of the fix rate; nearest-
neighbor oracle vectors (k=3) achieve 58% (a geo-
metric diagnostic requiring gold-answer vectors).
The oracle overshoots: 0.75×magnitude fixes 76%
and 0.5× fixes 74%, both above full-magnitude
68%; L24 fixes 82%, suggesting the optimal layer
differs from the analysis layer.
4.2 Naturalistic Validation: TriviaQA
To test whether the break/fix asymmetry extends
beyond curated entity groups, we evaluate Pythia-
6.9B on 300 TriviaQA (Joshi et al., 2017) ques-
tions (66% hallucination rate). We evaluate probe
steering and ITI on 80 hallucinations, oracle and
confidence maximization on 50.
Probe steering and ITI. A linear probe distin-
guishes correct from hallucinated answers at AU-
ROC .716 ± .072 (5-fold CV), above chance but
below the EntityConfusion probe at .896. Despite
this discriminative signal, steering with the probe
direction fixes 0/80 hallucinations (0% across all
α values). ITI fixes 1/80 (1%, only at α=16). Cor-
ruption is limited at moderate strengths (5/50 cor-
rect answers flip at α=16, vs. 82% from random
noise), indicating the probe captures a discrimina-
tive but non-causal signal.
Decode-and-steer. A Ridge decoder recovers the
correct answer closer than wrong for 89/197 (45%,
vs. 71% on EntityConfusion). Steering fixes 0/80
(0%). Median correct-answer rank is 1,275 un-
der the canonical first token; because evaluation
accepts multiple aliases, surface proximity of the
matched alias is unverified.
Single-token oracle. Oracle repair fixes 11/50
(22%, CI [12%, 36%]), well below EntityConfu-
sion’s 68%. The 1-step=50-step pattern replicates
at 22%. Wrong-answer oracle fixes only 2/50
(4%). Oracle success tracks latent knowledge avail-
ability: 24% when the correct answer ranks in the
top-100 logits vs. 13% when ranked beyond 100.
Confidence maximization and the two-regime
distinction. Unconstrained confidence maxi-
mization fixes 31/50 (62%); norm-capped, it re-
tains 56%, a much smaller drop than on Entity-
Confusion, where the rate collapses from 39% to
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11%. With 21/50 correct answers broken (on a
balanced 50-question audit subset), the audit-set
net is +10, weakly positive, unlike the net-negative
on EntityConfusion.

Surprisingly, blind confidence maximization
fixes more TriviaQA hallucinations than the correct-
answer oracle (62% vs. 22%), possibly because the
oracle targets one first token while evaluation ac-
cepts 5–15 aliases; the underlying mechanism is
unclear. Additionally, many correct answers have
median output rank 1,275, making the oracle gra-
dient signal weak.

These results point to two distinct error regimes.
Latent-recall errors, where the correct answer is
near the output surface and the model may once
have produced it, resist blind non-gradient repair.
TriviaQA errors appear far from surface under the
canonical first token (median rank 1,275), but alias
proximity is unverified; confidence maximization
may succeed by producing any accepted surface
form. TriviaQA is therefore not a clean replication
of the EntityConfusion direction-selection bottle-
neck; it is a boundary case where the evaluation
protocol and error regime differ.

5 The CIS Hypothesis: A Negative Result
This section reports a negative result on our original
hypothesis that feature overlap in SAE represen-
tations (CIS) would predict and enable repair of
factual errors. Its failure led to the broader inter-
vention study above.
SAE features and CIS. We train L1 and Top-
K sparse autoencoders (Bricken et al., 2023; Gao
et al., 2024) on Pythia-6.9B residual stream at
layer 24 (Appendix A). L1 SAEs (16,384 features,
λ=5×10−2, 50M Pile tokens) yield L0 ≈ 5,511
active features per input; Top-K SAEs enforce ex-
act sparsity (k ∈ {32, 64, 128}, 32,768 features).
For each entity c, concept features Fc are identified
via specificity:

si(c) =
freq(i | c)

freq(i | c) + αs · freq(i | bg)
, (1)

selecting the top-50 features per concept (αs=10).
The Concept Interference Score measures shared
activation energy, where zi(x) denotes the activa-
tion of SAE feature i on input x:

CIS(x, c1, c2)=

∑
i∈Fc1∩Fc2

zi(x)

max
(∑

i∈Fc1
zi,
∑

i∈Fc2
zi
)
+ ϵ

(2)
For each question about target concept ctgt,
CISagg(x) = maxc̸=ctgt CIS(x, ctgt, c). CIS-
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Figure 3: Per-layer hallucination decodability. Probe AU-
ROC peaks around layer 24. Single-layer probe steering has
no repair effect; an 8-layer variant yields +3 pp net.

guided suppression zeros the top-m features unique
to the most-interfering concept:

z′i=

{
0 i ∈ top-m(Fcint\Fctgt),

zi otherwise.
(3)

CIS identifies the most-overlapping competing con-
cept, but suppression targets features unique to that
competitor to avoid destroying target-concept in-
formation; this is a conservative downstream in-
tervention, not a direct ablation of the overlapping
features in the CIS numerator.
CIS as predictor. CIS with L1 SAEs yields AU-
ROC 0.58 (CI [.533, .633]), well below entropy
(0.77) and a linear probe (.896± .119, 5-fold CV,
permutation p < 0.001). Critically, CIS with
Top-K SAEs, which enforce exact sparsity and
reduce dense co-activation, is non-predictive (AU-
ROC 0.42–0.50 across k ∈ {32, 64, 128}, consis-
tent with chance). Post-hoc sparsification of the
same L1 SAE reproduces this drop, consistent with
polysemantic co-activation rather than genuine in-
terference. For the linear probe, entity-grouped CV
yields .784 ± .123, a 28% drop in above-chance
AUROC, indicating roughly a quarter of the sig-
nal is entity-specific. The hallucination signal is
decodable above chance at every non-embedding
layer (Figure 3): probe AUROC peaks around layer
24 but steering along the single-layer L24 probe di-
rection has zero net accuracy effect across all α
values tested. CIS-guided suppression produces
zero accuracy change (p > 0.99; Table 4); four
SAE exchange variants yield |∆| ≤ 1.4 pp.
Why CIS correlates. L1 features overlap heavily
(Jaccard = 0.269, 35.9% of pairs > 0.3); Top-K
features have near-zero overlap (0.032). Post-hoc
sparsification implicates polysemanticity: retain-
ing only the top-k activations from the same L1

SAE drops CIS AUROC from .606 (slightly higher
than the headline .583 because the post-hoc exper-
iment recomputes per-input CIS with uniform ag-
gregation) at full L0 ≈ 5,511 to .500 at k=32 and
.492 at k=64 (chance level), matching the native
Top-K result. Encoding through the SAE and de-
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coding back preserves probe performance (AUROC
= .896, r = .9996), confirming the failure lies in
CIS, not SAE information loss. Group-specific
LDA directions achieve near-perfect within-group
separation (AUROC ≥ .934) but show no cross-
group alignment (mean cosine .005); CIS’s single
global statistic cannot capture this structure.

Latent-recall errors, not same-group substitu-
tion. Only 11% of wrong answers match a
same-group entity (4/37); most errors are generic
hallucinations. Yet correct knowledge often exists
latently: a linear decoder recovers the correct an-
swer from hallucinated states 27/38 of the time,
and the correct answer’s median rank in output log-
its is only 16. Error is distributed across layers
(Figure 4); 44% of hallucinations were answered
correctly at earlier checkpoints. EntityConfusion’s
median correct-answer rank is 16 (knowledge is
nearly surfaced), vs. 1,275 on TriviaQA (far from
surface under the canonical token; alias proximity
unverified).

6 Discussion and Conclusion
Scope of claims. Our blind-repair experiments
are primarily on Pythia-6.9B across EntityCon-
fusion and TriviaQA; we replicate corruption
on Pythia-1B and GPT-2 XL, and oracle repair
on GPT-2 XL. These are relatively small, pre-
instruction-tuned models. In informal tests, non-
activation baselines (LoRA fine-tuning: 32/37;
retrieval-augmented generation: 36/37) succeed
at different budgets, confirming the barrier is
specific to blind single-layer activation editing.
ROME (Meng et al., 2022) also fails (1/59; the
larger denominator reflects ROME’s requirement
to test each entity pairing, not the V1 hallucina-
tion count), likely because EntityConfusion’s multi-
entity structure does not match ROME’s single-fact
paradigm.

What holds up and what does not. The
break/fix asymmetry for blind non-gradient meth-
ods is the most robust finding: across twelve in-
terventions from four families evaluated on their
respective Pythia-6.9B pools, the best net gain is
+3 pp on V1 (from relaxed multi-layer/multi-head
upper-bound variants only), corruption flips 74–
100% across three models (different perturbation
types), and blind non-gradient failure holds within
every evaluation pool where tested (Table 3; on
TriviaQA, only probe steering and ITI were eval-
uated). On EntityConfusion, blind gradient repair
is magnitude-dependent: norm-capped confidence

maximization drops to 11%, with no oracle align-
ment (cosine −0.04) and worse collateral than un-
capped, though norm-capped margin maximization
retains 26%, above random.

The TriviaQA results complicate the narrative.
Blind confidence maximization outperforms the
single-token oracle there (62% vs. 22%), pos-
sibly because the oracle targets a single token
while evaluation accepts multiple aliases; the
direction-selection bottleneck interpretation is well-
supported on EntityConfusion but should not be
extended to TriviaQA without further analysis.

Why corruption is easy and repair is hard. For
already-correct examples, any sufficiently large per-
turbation overwhelms the correct answer’s small
logit advantage (median gap of 5.0 nats); for hallu-
cinated examples, repair must overcome the wrong
answer’s logit advantage and select a target-specific
correction direction. At the oracle’s mean per-
turbation norm (53), random directions fix 11%.
Feature overlap in L1 SAEs yields a weak halluci-
nation signal (AUROC 0.58) that vanishes under
controlled sparsity (Top-K: AUROC 0.42–0.50,
chance-level); the tested CIS-guided competitor-
feature suppression has zero net accuracy effect,
ruling out this specific intervention on this bench-
mark (other feature-level interventions are not
tested).

Detection versus repair. Linear probes achieve
AUROCs of .896 (EntityConfusion) and .716 (Triv-
iaQA) at layer 24, yet single-layer probe steering
produces zero repair on both benchmarks; an 8-
layer variant yields +3 pp net on EntityConfusion.
This is the central practical lesson: knowing that a
model is wrong is not the same as knowing how to
fix it.

Implications. On EntityConfusion, reliable low-
collateral activation-level repair appears to require
target-specific answer information; blind inference-
time edits were unreliable or high-collateral in our
setting (on TriviaQA, blind confidence maximiza-
tion fares better, though evaluation asymmetries
complicate interpretation). The oracle ablation
shows that on EntityConfusion one gradient step
suffices when aimed correctly, so geometric struc-
ture for repair exists for latent-recall errors, but
exploiting it without target information remains un-
solved. Whether these patterns hold for instruction-
tuned models is the most pressing open question.

Conclusion. We document a break/fix asymme-
try: single-layer corruption is easy (74–100%
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across three models) but blind non-gradient repair
consistently fails (≤ +3 pp net on EntityConfu-
sion V1; ≈ 1% gross on TriviaQA). Blind gradient
methods fix more but with substantial collateral on
EntityConfusion (on TriviaQA: 62% fixed, audit-
set net +10). Oracle ablations on EntityConfusion
implicate a direction-selection bottleneck for latent-
recall errors.

Limitations
Our experiments use relatively small, pre-
instruction-tuned models (Pythia-6.9B, Pythia-1B,
GPT-2 XL); it remains unknown whether the
break/fix asymmetry holds for RLHF-aligned mod-
els. Different intervention families use different
evaluation pools (Table 1), though blind-repair fail-
ure holds within each pool (Table 3). Oracle and
blind gradient methods use layer 30 while SAE/CIS
uses layer 24; oracle at L24 achieves 82% vs. 68%
at L30, so layer matters but qualitative conclusions
hold. Many results rely on small subsets (n=37–
102; prompt-contrast: n=21); we report Clopper–
Pearson CIs for binomial rates and bootstrap CIs
for aggregates. The cosine similarity −0.04 be-
tween oracle and confmax vectors is near zero (per-
mutation p > 0.99 for positive alignment). On
TriviaQA, blind confidence maximization outper-
forms the single-token oracle (62% vs. 22%), possi-
bly because evaluation accepts 5–15 aliases while
the oracle targets a single token; this limits the
single-token oracle as a universal ceiling but it re-
mains informative on EntityConfusion. The noisy-
oracle experiment is not a pure angular-noise test
(the vector is not renormalized); we rely on target
identity, norm-capping, and cosine alignment for
the core direction-selection argument. We cannot
rule out that a future blind method with a novel
inductive bias could succeed.

Reproducibility Statement
Code for SAEs, CIS, and intervention experiments
will be released. We use Pythia-6.9B (Biderman
et al., 2023) and the Pile (Gao et al., 2020); SAE
hyperparameters and the EntityConfusion construc-
tion are in Appendices A–B.

Ethics Statement
This work aims to improve factual reliability of
language models. Our feature suppression tech-
nique could theoretically amplify hallucinations,
though this has limited practical motivation. Entity-
Confusion was constructed from publicly available
knowledge and does not contain sensitive content.
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Abstract

While Chain-of-Thought (CoT) prompting en-
ables Large Language Models to explicitly jus-
tify their predictions, the extent to which these
textual rationales faithfully reflect internal com-
putation remains unclear. We investigate the
circuit-level impact of alignment by perform-
ing a strict within-family comparison of the
1B-parameter Llama 3 architecture (Base vs.
Instruct). Executing dynamic circuit discovery
and dual-direction resample ablation on uncon-
strained CoT traces across synthetic mathemat-
ical primitives and a GSM8K proxy, we find
that foundation models possess highly redun-
dant, self-repairing computational networks;
completely corrupting their primary reasoning
circuits yields a minimal performance drop
(2.92%) due to the dynamic compensation of
backup heads (the Hydra Effect). In contrast,
the instruction-tuned model exhibits reduced
structural redundancy, suffering more than dou-
ble the degradation (6.79%) under identical
perturbation. We formalize our observation
as an "Alignment Tax on Redundancy": opti-
mizing for human-preference compliance re-
purposes dormant backup circuits, centralizing
mathematical routing and rendering the aligned
model’s reasoning pathways significantly more
vulnerable to internal perturbation.

1 Introduction

Chain-of-Thought (CoT) prompting enables Large
Language Models (LLMs) to decompose complex
tasks into sequential intermediate steps (Wei et al.,
2022). Yet, as these architectures enter high-stakes
domains, reasoning trustworthiness has emerged
as a critical bottleneck (Wang et al., 2025). Be-
yond standard hallucinations where models gener-
ate statistically likely but factually incorrect tokens,
alignment-tuned LLMs exhibit a more insidious
failure mode: sycophantic deception (Turpin et al.,
2023). In these instances, a model may internally
track the correct algorithmic state but actively out-

put a contradictory rationale or target. This behav-
ioral divergence raises a profound question regard-
ing CoT faithfulness: to what extent do generated
textual rationales causally determine a model’s ac-
tual internal prediction?

The debate surrounding CoT faithfulness has
heavily relied on behavioral and "hint-based" per-
turbations (Lanham et al., 2023). While some lit-
erature argues that LLMs frequently generate un-
faithful, post-hoc rationalizations (Atanasova et al.,
2023), recent pushback suggests that CoTs may
actually be causally faithful, and that apparent un-
faithfulness merely stems from the lossy compres-
sion or incomplete verbalization of internal states
due to token limits (Zaman and Srivastava, 2025).
To resolve this ambiguity, recent research has piv-
oted to mechanistic interpretability. Notably, Yeo
et al. (2025) utilized causal mediation to demon-
strate that Reinforcement Learning from Human
Feedback (RLHF) increases the macro-level causal
overlap between a model’s rationale and its out-
put. At the feature level, recent activation patch-
ing studies confirm that CoT prompting induces
more modular and interpretable internal structures
in high-capacity models (Chen et al., 2025). Simul-
taneously, Lu et al. (2026) proposed the "Decou-
pling Hypothesis," arguing that unfaithful models
rely on parallel computational shortcuts that bypass
the CoT entirely.

While these macro-level and theoretical evalu-
ations provide crucial groundwork, our work in-
vestigates the exact, circuit-level mechanistic cost
of alignment tuning. By pushing beyond obser-
vational overlap and testing the functional neces-
sity of reasoning circuits via dynamic activation
patching on unconstrained, naturally successful
reasoning traces, we bypass the vulnerabilities of
verbalization-based metrics (Zaman and Srivastava,
2025). Utilizing a strict within-family compari-
son of the Llama 3 architecture, we reveal that the
apparent faithfulness of instruction-tuned models
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masks a profound structural fragility. Ultimately,
we provide quantitative evidence of an "Alignment
Tax" in how optimizing for instruction compliance
smears logical routing across diffuse attention net-
works, forcing a mechanistic decoupling of the
model’s explicit working memory from its final
target prediction.

2 Related Work

2.1 Faithfulness in Chain-of-Thought
Reasoning

The introduction of CoT prompting (Wei et al.,
2022) catalyzed a massive subfield dedicated to un-
derstanding the reliability of generated rationales.
Early investigations into rationale faithfulness fre-
quently framed CoT as an interpretable window
into model cognition, yet subsequent behavioral
studies revealed significant vulnerabilities. Ye and
Durrett (2022) and Atanasova et al. (2023) demon-
strated that models often generate post-hoc rational-
izations that do not accurately reflect the variables
driving the final prediction. This was further ex-
panded by Turpin et al. (2023) and Agarwal et al.
(2024), who showed that instruction-tuned models
suffer from extreme sycophancy, altering their ra-
tionales to match user-injected biases or constraints.
Measuring this faithfulness, however, has proven
methodologically fragile. Lanham et al. (2023) for-
malized perturbation-based metrics for CoT, but
recent work by Zaman and Srivastava (2025) cri-
tiques these behavioral "hint-based" evaluations,
arguing that a lack of explicit verbalization does
not necessarily equate to unfaithfulness, highlight-
ing the need for deeper, circuit-level interventions
to prove causal decoupling.

2.2 Interpretability and Circuit Discovery

To bypass the limitations of behavioral observa-
tion, Mechanistic Interpretability seeks to reverse-
engineer the computational graph of neural net-
works. Foundational work on the residual stream
and attention mechanisms (Olsson et al., 2022)
paved the way for precise circuit discovery. Causal
tracing and activation patching techniques have
successfully localized specific behaviors, such as
factual recall (Meng et al., 2022) and indirect object
identification (Wang et al., 2023), to discrete sub-
graphs of attention heads and MLPs. More recently,
feature-level investigations using sparse autoen-
coders have begun mapping these causal structures
during multi-step tasks, revealing that CoT induces

modular, interpretable pathways whose causal in-
formation is widely distributed across the network
(Chen et al., 2025).

Crucially, this distributed nature enables emer-
gent self-repair. McGrath et al. (2023) documented
the "Hydra Effect," demonstrating that ablating pri-
mary reasoning heads causes dormant, late-layer
circuits to dynamically compensate. Evaluating
these highly redundant networks requires immense
methodological precision; standard zero-ablation
frequently pushes the model’s residual stream out-
of-distribution (Heimersheim and Nanda, 2024),
while continuous patching can induce geometric
interpretability illusions (Makelov et al., 2024). We
adapt our dual-direction resample ablation method-
ology specifically to account for these structural
artifacts while measuring causal load.

2.3 Alignment and Reasoning Topologies

Recent literature has begun bridging mechanis-
tic interpretability with the behavioral artifacts of
Reinforcement Learning from Human Feedback
(RLHF). While earlier work suggested alignment-
tuning generally increases the causal overlap be-
tween internal traces and final outputs compared
to unaligned baselines (Yeo et al., 2025), the ar-
chitectural cost of this multi-objective optimiza-
tion remains underexplored. Foundational align-
ment theories propose that RLHF acts as a "thin
wrapper" over pre-trained capabilities (Zhou et al.,
2023), yet enforcing conversational formatting,
safety guardrails, and instruction compliance in-
herently consumes representational capacity.

Our work extends this intersection by mechanis-
tically mapping how alignment training alters the
fundamental topology of reasoning. Rather than
viewing unfaithfulness purely as learned deception,
we utilize targeted activation patching to demon-
strate how the capacity constraints of alignment
tuning systematically degrade the distributed, self-
repairing circuits (the Hydra Effect) native to foun-
dation models, resulting in an "Alignment Tax" that
renders the model’s explicitly generated working
memory structurally brittle.

3 Methodology

Our experimental pipeline consists of eliciting un-
constrained, naturally successful Chain-of-Thought
(CoT) reasoning traces, performing dynamic cir-
cuit discovery via activation patching, and applying
resample ablation to quantify the causal load of spe-
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cific attention-routing mechanisms.

3.1 Models and Architectural Assumptions
To isolate the mechanistic impact of alignment in-
terventions from general architectural variances,
we conduct a controlled within-family comparison.
We evaluate a foundation base model alongside
its instruction-tuned counterpart (specifically, the
Llama-3.2-1B and Llama-3.2-1B-Instruct models).
While their attention routing mechanisms utilize
Grouped-Query Attention (GQA), the computa-
tional backbone remains consistent. At each layer
l, attention mechanisms read from and write to a
central residual stream. Crucially for our interven-
tion methodology, even when keys and values are
shared across heads, the output of each individual
head, O(l,h), is computed and projected back into
the residual stream independently. This structural
uniformity allows our activation patching to target
the localized output projections of individual heads,
treating them as discrete causal components that
can be isolated across both the base and instruction-
tuned states.

3.2 Tasks and Dataset Construction
We evaluate mathematical and logical reasoning
using a large-scale synthetic dataset of determinis-
tic tasks that isolate sequential updating, boolean
aggregation, multi-path routing, and latent feature
gating. Let a reasoning task be defined by an input
prompt X and a definitive ground-truth target Y .
Standard few-shot prompting allows the model to
generate an unconstrained sequence of intermedi-
ate reasoning tokens Z = (z1, z2, . . . , zk) prior to
predicting Y . To ensure robust statistical power,
we scale our dataset to 2,000 total instances (500
instances per task type).

The tasks comprising our dataset include the
following four structural primitives:

• Linear Symbolic: Sequential arithmetic op-
erations (e.g., "Start with x. Add y. Subtract
z.").

• Parity Computation: Evaluating the truth
value of multiple boolean predicates and de-
termining if the total count of valid predicates
is even or odd.

• Multiway Branching: Executing conditional
logic paths based on the modulo of an initial
computation (e.g., "If S ≡ 0 (mod 3), return
x+ y.").

• Conditional Branching with Latent Gating
(CBLG): Routing a mathematical operation
based on a latent boolean property of a raw
input (e.g., "Input: a, b. If a is even, calculate
a/2 + b. If a is odd, calculate a− b.").

For each task instance, we procedurally gener-
ate a clean prompt Xc with ground-truth answer
Yc, and a corresponding corrupted prompt Xcorr

(e.g., modifying a starting value to flip a logic gate)
which yields a distinct corrupted answer Ycorr. Our
generation constraints guarantee strict digit-width
boundaries, ensuring perfect token-length align-
ment between Xc and Xcorr.

These task types serve as a proxy for algorithmic
completeness within the transformer architecture
and ensure that our faithfulness metric is not biased
toward a single cognitive heuristic. If a model’s
reasoning circuits are proven faithful across all four
of these diverse computational primitives, it pro-
vides strong causal evidence that the model is ac-
tively executing generalizable control-flow opera-
tions rather than relying on shallow, task-specific
pattern matching. Unlike causal tracing evaluations
on unstructured natural language where the vari-
able position of subject tokens limits interventional
scope (Meng et al., 2022), our strictly controlled
synthetic templates ensure uniform token align-
ment, providing mathematically sound conditions
for resample ablation.

To extend our evaluation beyond isolated prim-
itives, we also employ a mechanistically aligned
GSM8K-Proxy dataset. While the original GSM8K
dataset (Cobbe et al., 2021) serves as the standard
benchmark for multi-step mathematical reasoning,
its highly unstructured, free-form nature precludes
rigorous resample ablation. Specifically, modify-
ing real GSM8K instances to create counterfactual
pairs (Xcorr) frequently alters the token length of
both the prompt and the resulting reasoning trace,
leading to catastrophic tensor shape mismatches
during activation patching. Our GSM8K-Proxy cir-
cumvents this limitation by procedurally generating
word problems that mirror the linguistic complex-
ity and multi-step arithmetic of the original dataset,
while strictly enforcing the token-width constraints
and syntactic symmetry required for clean, bidirec-
tional interventions.

3.3 Eliciting Natural Reasoning Traces

To quantify the causal load of specific attention
heads, we evaluate the model’s autonomous rea-
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soning capabilities. We utilize standard few-shot
(8-shot) prompting to elicit unconstrained Chain-of-
Thought (CoT) generation. The model is provided
with the clean prompt Xc and tasked with gener-
ating a sequence of intermediate reasoning tokens
Znatural = (z1, z2, . . . , zk) culminating in a final
answer prediction.

Evaluating causal load on mechanically broken
rationales yields invalid measurements; ablating a
circuit on a task the model already fails to com-
prehend provides no causal signal. Therefore, we
semantically parse each generated trace to extract
the model’s final predicted answer. We strictly fil-
ter the dataset to include only instances where the
model’s autonomous generation perfectly matches
the ground-truth target Yc. By restricting our analy-
sis to naturally successful traces, we guarantee that
the baseline accuracy of our evaluation subset is
exactly 100%.

3.4 Dynamic Circuit Discovery via Activation
Patching

Prior to conducting resample ablation, we require
a rigorous method to identify the specific attention-
routing circuit (S) responsible for successfully exe-
cuting each task. To achieve this without relying on
heuristic architectural guesses, we employ exhaus-
tive single-head activation patching on the filtered
subset of successful traces.

To ensure our causal measurement occurs at the
exact computational moment the model predicts
the target, we dynamically append the model’s own
generated CoT prefix to the prompt. We then record
a clean activation cache (Ac) by running a forward
pass on this aligned clean prompt. Next, we ex-
ecute a forward pass on the corrupted prompt to
establish a baseline corrupted Logit Difference (the
relative probability of the clean target token versus
the corrupted target token).

We systematically sweep through the network,
intervening on every attention head individually.
For each head, we patch its specific output activa-
tion (z) in the corrupted run with its corresponding
activation from the clean cache Ac. The causal
importance of each head is quantified by the mag-
nitude by which patching that single head restores
the Logit Difference toward the correct target.

Crucially, rather than selecting an arbitrary, static
number of top-k heads, we aggregate the impact
scores and apply a Dynamic Thresholding func-
tion. We sort the heads by positive causal impact
and dynamically select the minimal subset of heads

required to achieve 80% of the network’s total cu-
mulative restorative impact. This dynamic thresh-
olding intrinsically accounts for architectural dif-
ferences between the Base and Instruct models,
ensuring we isolate the precise functional subgraph
regardless of how densely or sparsely the reasoning
pathway is distributed.

3.5 Resample Ablation and Faithfulness
Having isolated a 100% mechanically coherent
baseline and defined the dynamic reasoning cir-
cuit S for each task, we execute the causal inter-
vention. Prior approaches measure faithfulness by
perturbing the surface form of chain-of-thought
reasoning and observing changes in model outputs
(Lanham et al., 2023). In contrast, our method
operates directly on internal activations, enabling
precise causal analysis of the underlying computa-
tion rather than its textual explanation.

To evaluate this causal faithfulness without risk-
ing the sequence divergence inherent to open-ended
generation or the out-of-distribution manifold col-
lapse associated with zero-ablation (Heimersheim
and Nanda, 2024), we employ dual-direction re-
sample ablation.

To ensure exact token-alignment across inter-
ventions, we utilize a static prefix alignment strat-
egy. For each successful instance, we append the
model’s autonomously generated CoT prefix to
both the clean (Xc) and corrupted (Xcorr) prompts.
We cache the internal activations of both static
passes, yielding Ac and Acorr.

Rather than relying on binary accuracy metrics,
which can mask subtle internal shifts, we quantify
the causal load of the targeted circuit by measuring
the Logit Difference of the target prediction token
under two continuous intervention states:

• Noising: We perform a forward pass on the
clean prompt but actively overwrite the tar-
geted reasoning circuit S with activations
from Acorr:

Ã(l,h) =

{
A

(l,h)
corr if (l, h) ∈ S

A
(l,h)
c otherwise

A significant drop in the clean Logit Differ-
ence indicates the circuit is causally neces-
sary.

• Denoising: We perform a forward pass on the
corrupted prompt but overwrite circuit S with
activations from Ac. A significant recovery
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toward the clean target indicates the circuit is
causally sufficient.

The joint use of noising and denoising allows
us to cross-validate causal claims, identifying com-
ponents that are both necessary and sufficient for
the behavior. Crucially, this bidirectional approach
helps account for the inherent asymmetries and po-
tential geometric artifacts commonly introduced by
activation patching (Makelov et al., 2024).

4 Experiments and Results

4.1 Datasets, Models, and Evaluation Setup

We evaluate our pipeline across two distinct dataset
regimes to capture both isolated algorithmic rout-
ing and natural language generalization. First, we
utilize 2,000 instances of our four synthetic task
types: Linear Symbolic, Parity Computation, Mul-
tiway Branching, and Conditional Branching with
Latent Gating (CBLG). Second, to validate our
findings in an open-ended natural language con-
text, we evaluate 500 instances of a Mechanistically
Aligned GSM8K-Proxy dataset.

To isolate the impact of alignment tuning on
internal representations, we conduct a strict within-
family comparison using the 1B parameter class
of the Llama architecture, specifically compar-
ing the foundation model (Llama-3.2-1B) against
its instruction-tuned counterpart (Llama-3.2-1B-
Instruct). Because both models share an identi-
cal computational backbone and Grouped-Query
Attention (GQA) topology, structural deviations
in circuit faithfulness can be directly attributed to
post-training alignment interventions.

The evaluation proceeds in three phases:

1. Natural Baseline Generation: Establishing
the model’s autonomous ability to accurately
solve the task using unconstrained, 8-shot
Chain-of-Thought, yielding our 100% base-
line subset.

2. Dynamic Circuit Discovery: Identifying the
minimal subgraph of attention heads required
to account for 80% of the network’s restora-
tive causal impact during single-head activa-
tion patching.

3. Dual-Direction Resample Ablation: Quan-
tifying the causal load of the discovered cir-
cuits via Logit Differences, yielding contin-
uous scores for both Necessity (performance

drop under Noising) and Sufficiency (perfor-
mance recovery under Denoising).

4.2 Circuit Discovery and Topological
Sparsity

Before executing causal interventions, our Dy-
namic Circuit Discovery phase revealed topological
differences in how reasoning is distributed across
the two models. While both models utilize a dedi-
cated subset of attention heads to route mathemati-
cal logic, the instruction-tuned model exhibited a
higher degree of circuit diffusion on more complex
logical tasks.

For instance, to reach the 80% cumulative causal
impact threshold on the Parity task, the Base model
relied on a highly modular, sparse subgraph of 68
attention heads. In contrast, the Instruct model
required a significantly larger network of 181 heads
to reach the exact same restorative threshold. This
trend held broadly across the multi-step synthetic
suite, with the Instruct model requiring an average
of 95 heads per task compared to the Base model’s
57.

Interestingly, on the natural language GSM8K-
Proxy, both architectures converged on highly sim-
ilar head counts (38 and 37 heads, respectively),
suggesting that severe circuit diffusion is most pro-
nounced when the aligned model is forced to exe-
cute pure, abstract logical routing without the an-
choring of natural language word problems. Ulti-
mately, this structural diffusion across the residual
stream necessitated the use of dynamically sized
intervention hooks for our subsequent resample
ablation.

4.3 Dual-Direction resample ablation
Applying dual-direction resample ablation to
these dynamically extracted circuits exposed dis-
tinct causal profiles between the foundation and
instruction-tuned architectures. Table 1 details the
Necessity and Sufficiency scores across all task
distributions.

Across both models and all tasks, the discov-
ered circuits demonstrated near-perfect Sufficiency.
When the isolated reasoning subgraphs were in-
jected into corrupted contexts, the Llama Base
model recovered 100.36% of its baseline logit
difference on synthetic tasks and 98.88% on the
GSM8K proxy. Similarly, the Instruct model
achieved 100.10% and 98.69% recovery, respec-
tively. This confirms that the dynamically thresh-
olded circuits independently possess the full com-
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putational capacity required to execute the target
mathematical primitives. However, Noising inter-
ventions (corrupting the primary reasoning circuits)
revealed a stark divergence in Necessity scores.

For the Llama Base model, completely corrupt-
ing the targeted reasoning circuits resulted in mini-
mal performance degradation, yielding a Necessity
drop of only 2.92% on synthetic primitives and
4.96% on GSM8K. Conversely, the Instruct model
proved significantly more sensitive to internal per-
turbations. While performing identically on the
GSM8K proxy (5.10% drop), the Instruct model ex-
hibited a Necessity drop of 6.79% on the synthetic
primitives, which is more than double the degra-
dation observed in the Base model under identical
noising conditions.

5 Discussion

Our dual-direction resample ablation reveals a topo-
logical divergence in how mathematical resilience
is distributed between foundation and aligned archi-
tectures. In the Llama Base model, completely cor-
rupting the dynamically isolated reasoning circuit
resulted in a minimal Necessity drop of only 2.92%
on synthetic primitives. Given that this exact same
circuit demonstrated near-perfect Sufficiency when
evaluated in isolation, this minimal performance
degradation initially appears paradoxical.

However, this resilient behavioral plateau per-
fectly quantifies the Hydra Effect (McGrath et al.,
2023) in the context of algorithmic reasoning. The
foundation model possesses a highly parallel, dis-
tributed mathematical capacity. When early-layer
attention heads are corrupted via resample nois-
ing, dormant "backup circuits" in later layers dy-
namically detect the aberrant residual stream and
re-compute the missing logical vectors to salvage
the generation. Recent feature-level interventions
using sparse autoencoders (Chen et al., 2025) have
similarly highlighted that this redundant nature
of mathematical Chain-of-Thought frequently ob-
scures causal attribution. Our findings confirm that
in foundation models, reasoning is not a fragile,
linear pathway, but a highly redundant structural
web capable of profound self-repair.

Furthermore, our comparison of the Llama-3.2-
1B models demonstrates that model self-repair is
not a static architectural guarantee and illustrates
how alignment tuning can heavily degrade this ca-
pability. When subjected to identical noising inter-
ventions, the Instruct model exhibited a Necessity

drop of 6.79% on the synthetic primitives—more
than double the degradation observed in the Base
model.

We posit that this increased structural brittleness
represents a mechanistic "Alignment Tax." During
Supervised Fine-Tuning (SFT) and Reinforcement
Learning from Human Feedback (RLHF), the net-
work is heavily penalized for raw, textbook-style
outputs and rewarded for conversational format-
ting, tone, and instruction compliance. To satisfy
these competing multi-objective constraints with-
out increasing the parameter count, the network
is forced to repurpose its attention heads. By re-
allocating its dormant, redundant capacity toward
linguistic and formatting adherence, the aligned
model centralizes its mathematical computation.
Having sacrificed its distributed backup circuits to
the Alignment Tax, the Instruct model’s primary
reasoning pathway loses its self-repair capabilities,
rendering it uniquely vulnerable to internal pertur-
bations.

It is important to contextualize the magnitude
of this tax. While an absolute Necessity drop of
6.79% is relatively modest and may not immedi-
ately signal catastrophic task failure in real-world
deployment, the relative shift—more than doubling
the architectural brittleness—serves as a vital mech-
anistic signal. Furthermore, while this structural
degradation intersects with broader debates on CoT
faithfulness, our measurements strictly isolate the
causal necessity and robustness of internal rout-
ing, which serves as the physical prerequisite for
faithful verbalization.

This hypothesis is further supported by the mod-
els’ converging behavior on the GSM8K proxy
dataset. While the Instruct model was significantly
more brittle on the abstract synthetic tasks, both
models exhibited nearly identical Necessity drops
on the GSM8K proxy (4.96% for Base, 5.10% for
Instruct).

Unlike the isolated synthetic primitives, GSM8K
word problems require heavy, multi-step linguis-
tic parsing alongside multi-variable mathematical
tracking. We hypothesize that these complex, natu-
ral language-grounded tasks push the 1B parameter
architecture to its representational capacity ceiling.
When evaluating the GSM8K proxy, even the Base
model must exhaust its available attention heads to
simply route the logic, leaving few dormant heads
available to act as a self-repairing "Hydra." Con-
sequently, when task complexity scales to exhaust
network capacity, foundation models exhibit the
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Llama-3.2-1B (Base) Llama-3.2-1B-Instruct
Task Class Necessity (↓) Sufficiency (↑) Necessity (↓) Sufficiency (↑)
Mechanistically Aligned Synthetic Primitives
Linear Symbolic 4.29% 99.73% 8.05% 99.37%
Latent Gating (CBLG) 4.13% 100.65% 7.89% 100.59%
Parity Computation 0.47% 100.62% 0.38% 100.54%
Multiway Branching 0.73% 100.32% 0.78% 100.34%
Synthetic Average 2.92% 100.36% 6.79% 100.10%
Natural Language Proxy
GSM8K Proxy 4.96% 98.88% 5.10% 98.69%

Table 1: Dual-Direction Activation Patching Logit Differences. Necessity indicates the relative performance drop
under noising interventions (corrupting the targeted reasoning circuit), while Sufficiency indicates performance
recovery under denoising interventions. The Instruct model exhibits a necessity drop more than double that of the
Base model on synthetic primitives, quantifying the degradation of its structural redundancy.

same structural brittleness as their alignment-taxed
counterparts.

6 Limitations

Scale and Capacity Starvation: While our dual-
direction resample ablation provides empirical evi-
dence of an alignment-induced brittleness, our ex-
periments are localized to a strict within-family
comparison at the 1B parameter scale. At this size,
the representational capacity budget may be easily
exhausted. It remains an open question whether
the "Alignment Tax" is a universal consequence of
alignment, or simply an artifact of capacity star-
vation in smaller architectures. Massive frontier
models (e.g., 70B+ parameters) may possess suffi-
cient capacity to absorb multi-objective constraints
without sacrificing their distributed backup circuits.

Intervention Granularity: To isolate the spe-
cific dynamics of logical routing while maintain-
ing precise intervention boundaries, our resample
ablation was restricted to attention head outputs
(z). The residual stream sequentially updates via
x(l+1) = x(l) + Attn(l) + MLP(l). While recent
literature highlights the role of Multi-Layer Per-
ceptrons (MLPs) in latent reasoning (Geva et al.,
2023), quantifying how alignment independently
alters MLP-based representation represents a dis-
tinct methodological challenge outside the scope
of our attention-focused interventions.

Monolithic Alignment: Our methodology com-
pares a foundational base model directly against its
final instruction-tuned counterpart. Modern align-
ment pipelines consist of multiple distinct phases
(e.g., Supervised Fine-Tuning followed by RLHF
or DPO). Our current experimental design treats

instruction-tuning as monolithic and cannot isolate
which specific stage of training is responsible for
repurposing the backup circuits.

Dataset Variance: To secure the mathemati-
cally airtight token-alignment required for causal
scrubbing, our evaluation heavily leverages proce-
durally generated primitives. While these tasks iso-
late control-flow operations, they lack the linguis-
tic entropy of free-form queries (Dziri et al., 2023).
Additionally, we note that performance degradation
was not uniformly distributed across the synthetic
suite, suggesting that the brittleness of the aligned
model may manifest differently depending on the
specific cognitive heuristic being evaluated.

Prompt Limitations: Our dynamic circuit dis-
covery is inherently conditioned on the specific
8-shot prompt template used to elicit the uncon-
strained baseline. It remains an open question
whether these discovered subgraphs represent uni-
versal mathematical circuits, or whether they are
partially overfit to the stylistic syntax of the pro-
vided prompt, a known challenge in automated
circuit discovery (Conmy et al., 2023).

7 Conclusion

In this work, we investigated the structural impact
of alignment tuning on LLM algorithmic reason-
ing. Using naturally elicited Chain-of-Thought
traces and dual-direction resample ablation on the
Llama-3.2-1B architecture, we revealed a notable
mechanistic divergence. While foundation models
leverage highly redundant, self-repairing compu-
tational networks (the Hydra Effect), instruction-
tuned models exhibit significantly reduced redun-
dancy. We frame this as the Alignment Tax on
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Redundancy: managing simultaneous logical and
linguistic constraints repurposes dormant backup
circuits, centralizing reasoning pathways and in-
creasing their sensitivity to internal perturbation.

Although the absolute magnitude of this mea-
sured brittleness is modest at the 1B scale, these
findings indicate that evaluating model reliability
solely on generated text may be insufficient for
high-stakes environments, as alignment optimiza-
tion can mask underlying mathematical brittleness.
Furthermore, while precise circuit mapping carries
dual-use risks for adversarial weight-editing, it is
essential for transparent evaluation. Future work
should scale this methodology to frontier archi-
tectures—to disentangle this alignment tax from
small-model capacity starvation—and isolate the
specific impacts of Supervised Fine-Tuning ver-
sus preference optimization, ultimately guiding the
development of redundancy-preserving alignment
techniques that ensure models remain both human-
aligned and mechanistically robust.
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Abstract

Retrieval-augmented generation (RAG) sys-
tems can play an important role in making
law more accessible. However, large and re-
liable resources for training and benchmark-
ing such systems remain scarce, especially for
under-resourced languages like Dutch. To ad-
dress this gap, and building on previous work
(Louis et al., 2024), we introduce bLLeQA, a
bilingual parallel question-answering dataset
grounded in Belgian legal resources, both in
French and Dutch. The dataset contains aligned
questions, answers, and supporting articles in
both languages, enabling evaluation of both re-
trieval and end-to-end RAG pipelines. Using
bLLeQA, we benchmark the full RAG pipeline
in a zero-shot setting, covering retrieval, cita-
tion extraction, refusal behavior, and genera-
tion quality. Our experiments show that open-
weight models are competitive with proprietary
models in retrieval and citation extraction, but
lag behind in generation quality in the RAG
pipeline. Across all models, refusal capabil-
ity remains weak, meaning that models do not
reliably detect when the provided supporting
sources are incomplete. In addition, the end-to-
end RAG setup still yields a substantial share
of flawed responses, reaching 20% even in the
best-case scenario.

1 Introduction

Access to justice remains a critical challenge for
individuals and communities around the world.
Disagreements with landlords, workplace disputes,
and other civil justice problems are common occur-
rences, yet a significant portion of the population
lacks the knowledge to resolve these issues or un-
derstand their rights (Balmer et al., 2010). The
primary barriers to accessing justice are the pro-
hibitive costs of legal counsel and a widespread
lack of awareness about available legal options
(Redelaar et al., 2024). Automated legal question

*indicates equal contribution

answering (LQA) systems represent a promising av-
enue to democratize access to legal information by
providing affordable, scalable assistance to broad
audiences (Redelaar et al., 2024). LQA involves re-
sponding to queries, a task traditionally performed
by domain experts, by reviewing relevant laws, in-
terpreting statutes, and applying legal principles to
specific facts (Ariai et al., 2025).

The rapid evolution of large language models
(LLMs) has significantly advanced the capabilities
of LQA systems. These models demonstrate re-
markable proficiency in processing large volumes
of text and generating human-like responses, offer-
ing opportunities to streamline legal research for
professionals and lower barriers to information for
the general public (Akarajaradwong et al., 2025;
He et al., 2026). However, the application of LLMs
in the legal domain is not without challenges. Legal
queries require high precision, and general-purpose
LLMs are prone to hallucinations and relying on
outdated information. To mitigate this, retrieval-
augmented generation (RAG) has become a stan-
dard framework for reliable LQA. By retrieving
authoritative legal sources to ground the model’s
generation, RAG systems ensure that answers are
verifiable, auditable, and based on up-to-date legal
texts (He et al., 2026).

Despite the proliferation of LQA systems, there
is a significant disparity in their availability across
different languages and jurisdictions. Most exist-
ing resources and benchmarks focus on resource-
rich languages such as English and common law
traditions. However, legal systems are inherently
jurisdiction-specific; a digital legal aid system de-
signed for the US is ineffective for a civil law coun-
try operating under a different framework and lan-
guage, and there is a critical need for LQA so-
lutions that can handle the nuances of local law
(Redelaar et al., 2024).

As a multilingual country, Belgium invests sig-
nificant resources to consolidate its laws in both

34

mailto:nicolae.banari@uantwerpen.be


French and Dutch, using qualified legal profession-
als. This results in a highly valuable resource for
research in multilingual legal applications. Lever-
aging this potential and building on the Belgian
LLeQA dataset (Louis et al., 2024) in French, we
introduce the bilingual LLeQA (bLLeQA) that ex-
tends LLeQA to a parallel French-Dutch setting,
via alignment, translation, and refinement of the
original annotations in collaboration with a legal
professional. Using bLLeQA, we conducted ex-
tensive benchmarking of LLMs in three RAG sce-
narios, providing insights into the performance of
different LLMs in handling legal queries and cita-
tions. Our contributions are the following:

• We create and publish a parallel bilingual
dataset for retrieval-based legal question-
answering in French and Dutch, based on Bel-
gian legislation.1

• We benchmark a wide range of open and pro-
prietary LLMs on legal question-answering
in French and Dutch, under different RAG
settings.2

2 Related Work

Existing resources for legal question answering can
be categorized by the scope and complexity of the
task, ranging from document retrieval to answer
generation and full RAG evaluation.

Legal Retrieval Legal document retrieval con-
cerns the task of finding and ranking documents
relevant to a given query from a large set of can-
didates. It is commonly studied over a corpus of
cases (legal case retrieval) or articles (statutory ar-
ticle retrieval). In case retrieval, LeCaRD (Ma
et al., 2021) (later extended as LeCaRDv2 (Li et al.,
2024)) provided one of the first resources for the
Chinese legal system, while ECtHR-PCR (T.y.s.s.
et al., 2024) and CLERC (Hou et al., 2025) offered
similar datasets for European and US jurisdictions,
respectively. In statutory article retrieval, examples
include BSARD (Louis and Spanakis, 2022), bB-
SARD (Lotfi et al., 2025b), and STARD (Su et al.,
2024), which provided sizable resources based on
Belgian and Chinese legislation in French, Dutch,
and Chinese. In these datasets, each legal query is
labeled with a set of articles that human annotators
identified as necessary to answer the query.

1https://huggingface.co/datasets/clips/bLLeQA
2https://github.com/nikolay-banar/blleqa

LQA LQA is the task of providing valid re-
sponses to legal queries, with or without having
access to legal documents (open- or closed-book).
The response can be extracted from a given context
(CJRC (Duan et al., 2019), EQUALS (Chen et al.,
2023)), selected from provided options or choices
(JEC-QA (Zhong et al., 2020), PIL-QA (Sovrano
et al., 2021), JuRO (Craciun et al., 2025)), retrieved
from a response bank (LegalQA (Askari et al.,
2024), FALQU (Mansouri and Campos, 2023))
or generated from scratch. Examples of the lat-
ter include cLegal-QA (Wang et al., 2024c) and
LeDQA (Liu et al., 2024) for Chinese, PrivacyQA
(Ravichander et al., 2019) for English, LEGAL-
UQA (Faisal and Yousaf, 2024) for Urdu, and Ger-
LayQA (Büttner and Habernal, 2024) for German.
These datasets often contribute to large legal bench-
marks like LegalBench (Guha et al., 2023), which
attempt to assess the legal knowledge and reason-
ing abilities of LLMs in a closed-book setting.

Legal RAG With the rapid rise of LLMs, RAG
has emerged as a crucial method for improving
the factual accuracy and interpretability of LQA
systems (He et al., 2026). Combining the retrieval
and generation steps, RAG aims to ground the re-
sponse of an LLM in the retrieved context, mak-
ing it a specific instance of open-book question
answering (QA). Existing RAG resources usually
consist of QA pairs (synthetic or human-written)
labeled with relevant articles or passages from a
large corpus of legal documents. Examples include
LLeQA (Louis et al., 2024) for French, NitiBench
(Akarajaradwong et al., 2025) for Vietnamese, and
ObliQA (Gokhan et al., 2025) together with its
multi-passage version ObliQA-MP (Gokhan and
Briscoe, 2025) for English. For benchmarking,
LegalBench-RAG (Pipitone and Alami, 2024) was
proposed to assess precise retrieval by focusing on
extracting minimal, highly relevant text segments
from legal documents.

Our work builds on LLeQA (Louis et al., 2024),
a long-form legal question-answering dataset in
French that was primarily created by adding
human-written responses to the BSARD (Louis and
Spanakis, 2022) retrieval dataset. Similarly to bB-
SARD (Lotfi et al., 2025b) which extends BSARD
to a bilingual French-Dutch setting, in this work
we align, translate, and refine LLeQA annotations
to create bLLeQA, and then use it to benchmark
LLMs on LQA.
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3 Dataset

In this section, we describe how bLLeQA was
constructed from LLeQA (Louis et al., 2024).
LLeQA comprises 1,868 expert-annotated legal
questions in the French language, along with an-
swers grounded in Belgian legislation (∼28k arti-
cles). The dataset was curated in collaboration with
Droits Quotidiens3, a Belgian non-profit organiza-
tion that aims to make the law comprehensible and
accessible to the public, and to this end, maintains
a rich website featuring legal questions commonly
posed by Belgian citizens. Each question comes
with one or more categories, references to relevant
legislative statutes, and a detailed answer written
in layman’s terms by experienced legal experts.

To create a parallel bilingual dataset from
LLeQA, we follow these steps: (i) we extract and
align the Dutch version of legal codes to build a par-
allel corpus; (ii) we leverage a combination of au-
tomatic translation and expert post-editing to trans-
late questions and answers into Dutch; (iii) we ask
a bilingual legal expert to ensure that answers are
indeed grounded in the provided articles. Since
LLeQA is based on BSARD, which has already
been extended to a bilingual version (bBSARD
(Lotfi et al., 2025b)), we take advantage of this re-
source where possible. These steps are described
in more detail below.

Corpus Alignment The parallel bBSARD re-
trieval corpus covers 79% of the articles in LLeQA.
For the rest, we scraped approximately 6,000
French-Dutch article pairs from the Justel Data-
bank4 to ensure that both language versions corre-
spond to the same official legal provisions. These
steps resulted in an alignment rate of 93% (25,982
out of 27,942) articles in both languages. None of
the missing articles are cited in the answers.

QA Pairs Similarly to the previous step, we
started with bBSARD, which covers 40% of the
questions in LLeQA. Translations for the remain-
ing questions and all reference answers were gener-
ated using GPT-5.0. Then a bilingual legal expert
(native French and Dutch speaker) was asked to
review the translations and rectify any potential
issues5.

3https://www.droitsquotidiens.be/fr
4https://www.ejustice.just.fgov.be
5In total, 20.8% of the reference answers and 1.4% of

the questions needed corrections. Most common issues in-
cluded failing to translate abbreviations (e.g. ’MENA’) and
to identify Flemish equivalents for Walloon institutions (e.g.

Annotations Train Val Test All
Initial dataset (#) 1,472 201 195 1868
No changes 70.3% 80.1% 70.3% 72.0%
Corrected 6.2% 10.0% 9.2% 6.3%
Removed 23.5% 9.9% 20.5% 21.7%

subject mismatch 2.1% 3.5% 8.7% 2.9%
general context 0.1% 0% 5.1% 0.6%
missing information 0.5% 0.5% 3.6% 0.8%
legal type mismatch 0.7% 0.5% 3.1% 0.9%
very long context 19.8% 5.5% 0% 16.2%

Final dataset (#) 1,125 181 155 1461

Table 1: RAG annotation outcomes across dataset splits.

RAG Annotations For the RAG setup, we ask
the legal expert to check whether the cited articles
provide sufficient context to produce an answer for
each query. As Table 1 shows, 72% of the sam-
ples pass this step unchanged (accurate grounding).
Over-citing samples (6.3%) were corrected by re-
moving the unnecessary articles, and samples with
more serious issues or an excessively long con-
text were removed (21.7%). Most common issues
include: (i) subject mismatch, where the cited arti-
cles do not address the legal subject of the question;
(ii) overly general context, where the cited articles
lack the specificity required to support the answer;
(iii) missing information, where key information re-
quired to justify the answer is absent from the cited
articles; (iv) legal type mismatch, where the cited
articles concern procedural law while the question
targets substantive provisions, or vice versa.

The final dataset comprises 1,461 QA pairs (for
each language) grounded in a corpus of 25,982 ar-
ticles of Belgian legislation. Appendix A contains
additional details about the dataset.

4 Experimental Setup

This section describes the experimental setup for
benchmarking retrieval, reranking, and end-to-end
RAG on bLLeQA. All experiments are conducted
in a zero-shot setting on the test set.

4.1 Retrieval and Reranking

Retrieval Retrieval experiments are based on the
code6 from bBSARD (Lotfi et al., 2025b). We
select a wide range of models, from lexical ap-
proaches to static embeddings (i.e., word2vec and
fastText), and zero-shot dense retrievers. The
complete list of models and the prompts used for
the instruct models are provided in Tables 13 and

’FAMIWAL’).
6https://github.com/nerses28/bBSARD
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15 (Appendix D and E), respectively. For models
with a maximum input length of 512 tokens, texts
are split into overlapping chunks of 200 tokens
with a 20-token overlap. Embeddings from each
chunk are aggregated using mean pooling (except
for LaBSE which uses the [CLS] token). Then, co-
sine similarity is computed to score the resulting
embeddings.

Reranking In addition, we benchmark a number
of reranking models (see Table 13 in Appendix D)
using the top 100 articles retrieved by BM25, the E5
suite, and Voyage.

Evaluation Metrics The models were evalu-
ated using conventional retrieval metrics: macro-
averaged recall@k (R@k), mean average pre-
cision@k (MAP@k), mean reciprocal rank@k
(MRR@k), and normalized discounted cumulative
gain@k (nDCG@k).

4.2 Question Answering

Generating Answers We prompt a wide selec-
tion of LLMs, both open-weight and proprietary
(see Table 13 in Appendix D), to generate answers
to Dutch and French legal questions. For each ques-
tion, we experiment with three different context
settings:

1. Gold: A setting where we provide only the
gold-standard context. We use this setting as
a baseline to validate whether the models can
follow the instructions and use correct articles.

2. RAG: We conduct retrieval on the Dutch cor-
pus with voyage-3-large and use the re-
trieved top 100 article IDs for both French
and Dutch. The context contains all relevant
articles in 71% of cases.

3. RAG+: Since the top 100 retrieved articles
do not always include the full gold context
(Recall@100 < 1), we add any missing gold-
standard articles to the context by replacing an
equal number of randomly selected retrieved
articles.

The prompt for the models, which remains con-
sistent across settings and models, can be found
in Table 16, Appendix E. We do not apply any
truncation policy, as the full context in all settings
fits within the context window of the tested LLMs.
Importantly, we instruct models to (i) refuse to an-
swer a question when the context is insufficient
and (ii) answer in paragraphs supported by one or
more articles from the provided context. We use

the OpenRouter API7 to query the models.

Evaluation Metrics We evaluate the output of
the models on four different aspects.

Correctness: We leverage DeepEval’s G-Eval
metric (Yang et al., 2024; Liu et al., 2023) to eval-
uate answer correctness, using an LLM-as-judge
with a custom prompt (cf. Table 14, Appendix
E). In essence, the LLM is tasked with assign-
ing a score to model outputs ranging from 1 to
5 (1: Critical Failure/Incorrect, 2: Poor/Significant
Omissions, 3: Acceptable/Partially Complete, 4:
Good/Mostly Accurate, 5: Excellent/Semantically
Equivalent), given the gold standard answer. We
report averages across all queries per model.

Faithfulness: We evaluate the outputs using RA-
GAS’ faithfulness metric (Es et al., 2024). This
metric leverages an LLM-as-judge to extract state-
ments from a model’s answer, and verify the propor-
tion of statements that are supported by the context
to produce a score in [0, 1]. We compute the metric
only with respect to the articles cited by the tested
models.

Citation: Since models are prompted to explic-
itly ground their statements in context articles, we
can compare the cited articles with the gold set to
calculate precision, recall, and F1 scores. These
metrics provide insight into how well models are
able to extract the relevant information from the
provided context.

Refusal: We also prompt the models to answer
the question only if the context is sufficient, and
refuse otherwise. This can be used to assess the
models’ ability in determining whether the pro-
vided context is adequate to answer a question,
which is a desirable feature, especially when deal-
ing with sensitive and potentially consequential
domains like law. Comparing the true incomplete
(or inadequate) contexts with the refused responses,
we calculate and report Precision, Recall, and F1
scores.

In all settings, correct and incorrect refusal are
automatically scored with the upper and lower
bound of the correctness and citation scales, re-
spectively: a correct refusal receives the maximum
scores for citation coverage (1) and correctness (5),
whereas an incorrect refusal receives the minimum
scores of 0 for citation coverage and 1 for correct-
ness.

7https://openrouter.ai/
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Model Size French Dutch
R@100 MAP@100 NDCG@100 R@100 MAP@100 NDCG@100

BM25 - 57.04 19.25 28.44 48.52 15.46 22.93
BM25 + BGE-reranker-v2-m3 - 57.04 27.01 35.24 48.52 22.92 29.93
mE5-small 118M 58.44 19.09 28.10 60.64 21.87 30.85
mE5-base 278M 58.94 20.71 29.77 61.53 21.03 30.48
mE5-large 560M 66.84 27.80 37.31 68.01 25.64 35.94
mE5-large-instruct 560M 73.46 22.49 34.30 71.37 26.02 36.97
E5-mistral-7b 7B 74.30 36.91 46.45 74.73 36.37 46.27
BGE-Mult.-Gemma2 9B 79.86 36.22 48.01 79.59 31.25 43.57
voyage-3-large - 81.84 34.16 46.51 76.55 32.46 43.65
embedding-3-large - 79.05 33.61 45.33 80.94 27.54 40.66

Table 2: Retrieval performance of selected models.

Selecting a Judge Model Choosing an appropri-
ate judge model is quintessential for accurately
estimating a model’s RAG capabilities. To en-
sure that the model’s assessments align with hu-
man judgment, we use all responses produced by
DeepSeek-v3.2 in the Gold setting8, and asked a
legal expert to score them from 1 to 5, following
the instructions in the answer correctness prompt
(Table 14, Appendix E). We then prompt a list of
candidate LLMs9 in the same way, and calculate
Spearman correlation, mean average error (MAE)
and F1-macro (for the binarized correctness scale),
with respect to the expert annotations. In our exper-
iment, Gemini-3-Flash achieves a strong correla-
tion, highest F1-macro, and lowest MAE, for both
French and Dutch, and therefore is chosen as the
judge. The results for all candidates can be found
in Table 5, Appendix B.

5 Results and Discussion

In this section, we present and discuss the main ex-
perimental results for legal RAG, in both retrieval
and generation. In particular, we examine dif-
ferences in performance between proprietary and
open-weight models.

5.1 Retrieval

Table 2 shows the retrieval results for the selected
models (detailed results are provided in Tables 6
and 7 in Appendix C). BM25 achieves performance
comparable to multilingual E5-small in French,
but performs worse than it in Dutch. When com-
bined with a reranker, BM25 outperforms multilin-
gual E5-base by a large margin in French and
performs comparably in Dutch (MAP@100 and

8We chose this setting to isolate the answer quality from
retrieval errors.

9We select recent, high-performing LLMs, as well as mod-
els identified in recent studies on LLM-as-a-judge, including
Han et al. (2026) and Feng et al. (2025).

NDCG@100). In general, model performance
tends to improve with model size in both languages.
Interestingly, large open-weight models perform
comparably to, and in some cases better than pro-
prietary models in both languages.

5.2 Generation
In this section, we discuss the generative perfor-
mance of LLMs in terms of the correctness and
faithfulness of the response, citation recall, and
refusal, as described in Section 4.2.

Robustness to Noise Figure 1 visualizes the qual-
ity of answer generation per model and setup. To
better understand the results, we divide the re-
sponses into 4 categories: correct and incorrect
refusals, and accurate and inaccurate answers. To
be considered accurate, an answer should score
4 or higher on the 1-5 correctness scale (see the
evaluation prompt in Table 14, Appendix E).

Surprisingly, the Gold setting does not yield the
highest proportion of accurate answers across all
models. In many cases, when noise (i.e. irrelevant
articles) is introduced into the context in RAG+,
the proportion of accurate answers increases (e.g.
Qwen3.5-27B, GLM-5, Claude-Sonnet-4.6). This
effect might be attributed to lower refusal rates
when a longer context is provided. This can sug-
gest a context size bias, where a longer context
has a higher chance to pass as sufficient, even if
it contains the same necessary information as a
significantly shorter context.

In the realistic RAG setting, we observe a slight
decrease in the proportion of accurate answers for
many models compared with the RAG+ setup (e.g.
GLM-5, GPT-5.4). However, for models with rel-
atively strong refusal capabilities, such as GLM-5
and GPT-5.4, the combined proportion of accurate
answers and correct refusals can match or exceed
the accurate answer rate observed in the earlier se-
tups, where correct refusals do not apply. Hence,
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Figure 1: Performance of models on the test set under different context settings for Dutch (top) and French (bottom).
Table 10 in Appendix C contains the exact results that correspond to this figure.

we can conclude that modern state-of-the-art mod-
els of different sizes are generally robust to noise
and can perform comparably across settings with
larger contexts.

Citation Figure 2 shows the average answer cor-
rectness score against citation recall under the three
context settings, for Dutch and French. As can
be observed, there is a strong positive correlation
between the two, especially under the RAG and
RAG+ settings. While in general this trend ad-
heres to the performance-size relation (i.e. larger
models doing better), there are exceptions, most
notably the Qwen3.5 family, which performs sur-
prisingly well for its size. In particular, the 27B
version achieves relatively high recall scores in a
realistic RAG setting, comparable to the largest
open models (e.g. GLM-5) and even some state-of-
the-art proprietary models (e.g. Gemini-3.1-Pro).
This suggests a cost-effective strategy for RAG de-
sign by leveraging their citation selection capabil-
ity, while delegating the generation part to a larger
model.

Generation Quality Figure 3 plots the average
answer correctness score against the corresponding
average faithfulness score, under the three context
settings, for Dutch and French. Overall, higher
faithfulness is associated with higher correctness,
but the relationship shows substantial local vari-
ation across models and settings. Consequently,
better overall performance is indicated by moving
toward the upper-right corner (high faithfulness
and high correctness).

For French and Dutch, we observe that pro-
prietary models (GPT-5.4, Claude-Sonnet-4.6,
Gemini-3-Flash) achieve the highest perfor-
mance in the RAG setup, combining strong faith-
fulness and correctness scores. The best observed
mean correctness is 4.2, corresponding to the
“Good/Mostly Accurate” category. At the same
time, roughly 20% of the outputs are flawed, i.e.,
inaccurate answers or incorrect refusals. The best
open-weight models (GLM-5, Qwen3.5-397B-A17B,
Kimi-K2-Thinking) achieve faithfulness scores
comparable to the strongest proprietary models, but
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Figure 2: Answer correctness (Table 9, Appendix C) vs. citation recall (Table 8, Appendix C) for different models
under the 3 context settings, for Dutch (top) and French (bottom).
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Figure 3: Answer correctness vs. answer faithfulness (Table 9, Appendix C) for different models under the 3 context
settings, for Dutch (top) and French (bottom).
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this does not translate into the same level of answer
quality: their average correctness remains below 4
(the “Good/Mostly Accurate” threshold). Their
best-case correctness scores are 3.9 for French
and 3.7 for Dutch. For these models, the share
of flawed outputs is around 35%. Hence, we ob-
serve a large gap between the best proprietary
and open-weight models in the real-world setup
for both Dutch and French. At the same time,
the best open-weight models match or outperform
smaller proprietary models such as GPT-5-mini
and Claude-Haiku-4.5.

For both languages, we observe strong results
for Qwen3.5-family models in all settings. Starting
from the 27B version, the Qwen3.5-family com-
bines high faithfulness with strong correctness of
3.7 for French and Dutch, placing the results close
to the “Good/Mostly Accurate” category.

Refusal We observe that all models struggle to
detect incomplete contexts, resulting in poor over-
all refusal performance (see Tables 11 and 12, Ap-
pendix C). The best proprietary (GPT-5.4) and
open (Kimi-K2.5) models reach RAG refusal F1
scores of around 56 and 52, respectively. Other
models demonstrate even less promising perfor-
mances. This behavior in refusal handling or con-
text completeness detection is not unique to our
case and has also been observed in other tasks (Xu
et al., 2025; Sun et al., 2025; Zhou et al., 2026;
Kirichenko et al., 2025). Notably, poor refusal
performance does not necessarily imply low cor-
rectness, as two of the three best-performing mod-
els in the RAG setup, Claude-Sonnet-4.6 and
Gemini-3-Flash, exhibit low refusal performance.
The models’ strong performance in faithfulness
indicates that they ground their responses in the
provided articles rather than drawing on parametric
memory. This suggests that the missing ground-
truth articles in the context are not equally impor-
tant, and in some cases accurate answers can be
generated using an incomplete context. Despite
this, such behavior can be problematic, as models
may overlook important details and nuances that
are particularly important in the legal domain.

6 Conclusions and Future Work

In this paper, we presented bLLeQA, a parallel
bilingual dataset for retrieval-based LQA in French
and Dutch. Based on the LLeQA dataset, it com-
prises 1461 QA pairs (for each language) grounded
in a corpus of 25,982 articles of Belgian legisla-

tion, providing a valuable resource for LQA studies
in French and Dutch. Using bLLeQA, we evalu-
ated a wide range of open and proprietary LLMs
on legal question-answering in both languages, un-
der three different RAG settings, assessing their
ability to generate correct and grounded responses,
or to refuse when the provided context is insuffi-
cient. Open-weight models are competitive with
proprietary models in retrieval and citation extrac-
tion but still lag behind the strongest proprietary
models in response generation. Across all models,
correct refusal capability remains weak: models do
not reliably detect when the provided sources are
incomplete, and this failure leads to performance
degradation and an increased proportion of erro-
neous answers. Moreover, even in the best-case
scenario, the end-to-end RAG setup yields a sub-
stantial proportion of flawed responses (20%). We
believe these findings provide guidance for design-
ing RAG-based LQA systems in French and Dutch.

There are many avenues worth further explo-
ration. Most interesting to us is a detailed error
analysis of hallucinations in LLMs: while partly
captured by faithfulness and correctness, it war-
rants more targeted study for a finer-grained assess-
ment. In addition, we did not explore fine-tuning
or agentic setups. Both directions could help ad-
dress the failure modes observed in our naive RAG
pipeline, for example by improving citation extrac-
tion and refusal reliability, or by enabling retrieval
and verification steps to reduce unsupported gener-
ations under noisy or incomplete context.

Limitations

bLLeQA offers limited coverage of Belgian law, fo-
cusing on selected codes from federal and Walloon
legislation. In addition, it reflects a specific time
slice corresponding to when the original LLeQA
dataset was constructed. Given these limitations,
bLLeQA is not intended to provide comprehensive
legal information or advice. Instead, its primary
purpose is to benchmark retrieval and generative
models grounded in the provided sources and to
gain insights into the current state of the art.
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A bLLeQA

Table 3 shows the topic distribution of questions
in bLLeQA. Table 4 and Figure 4 show the distri-
bution of articles for the codes that contain rele-
vant instances in the dataset. Figure 5 presents key
statistics for the bLLeQA dataset.

Topic Train Val Test (%)
Housing 327 49 74 30.8
Healthcare 191 37 48 18.9
Family 175 21 14 14.4
Work 114 24 7 9.9
Immigration 122 18 1 9.6
Money 99 13 4 7.9
Privacy 69 12 7 6.0
Justice 28 7 0 2.3

Table 3: Topic distribution of questions in bLLeQA.

B LLM as a Judge

Table 5 reports the agreement between model pre-
dictions and human judgments.

C Additional Results

Tables 6, 7, 8, 9, 10, 11 and 12 show the detailed
results of the retrieval, reranking and RAG experi-
ments.

D Models

Table 13 presents the models we used in our exper-
iments, as well as their sizes and citations.

E Prompts

Tables 14, 15 and 16 show the prompt templates
used for retrieval, generation and evaluation.
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Figure 4: Distribution of codes in the bLLeQA corpus. Articles labeled as “Cited” appear in the training, validation,
and test sets, whereas “Not cited” articles do not. Code names are translated for readability.
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Code Total Relevant
Walloon Regulatory Code for Social Action and Health 2462 1
Judicial Code 2017 156
Economic Law Code 1921 24
Civil Code 1719 158
Code on well-being at work 1270 22
Code of Companies and Associations 1123 0
Code of Local Democracy and Decentralization 1110 3
Walloon Social Action and Health Code 978 3
Belgian Navigation Code 958 0
Environment Code – Water Code – Decree Section 867 7
Walloon Code of Territorial Development 786 4
Penal Code 680 26
Criminal Procedure Code 674 4
Walloon Tourism Code 600 0
Walloon Civil Service Code 490 0
Royal Decree implementing the law on compulsory health insurance and benefits, coordinated on 14 July 1994 448 30
Walloon Agriculture Code 447 0
Law of 15 December 1980 on entry into the territory, residence, establishment, and removal of foreign nationals 440 47
Brussels Code on Spatial Planning 395 1
Insurance Act 390 14
Law on compulsory health insurance and benefits, coordinated on 14 July 1994 369 65
Walloon Code on Sustainable Housing 305 16
Social Penal Code 299 3
Royal Decree regulating unemployment 275 37
Brussels Housing Code 260 36
Railway Code 260 0
Forest Code 259 0
Royal Decree on the entry, stay, settlement and removal of foreign nationals 252 21
Walloon Code on Primary and Secondary Education 238 0
Electoral Code 219 0
Brussels Code on Air, Climate and Energy Management 207 0
The Constitution 206 1
Walloon Environmental Code 198 0
Law on employment contracts 173 40
Environmental Code 172 0
General Law on Family Allowances 168 32
Codes on Miscellaneous Rights and Taxes 162 0
Code on Primary and Secondary Education 151 0
Law on Work Accidents 148 11
Code of Private International Law 132 6
Decree on the management and payment of family benefits 131 35
Royal Decree establishing compensation insurance and maternity insurance for self-employed workers and assisting spouses 120 9
Royal Decree establishing general regulations for the retirement and survivor’s pension scheme for salaried workers 110 19
Walloon Animal Welfare Code 106 0
Consular Code 100 0
Brussels Municipal Electoral Code 98 0
Ministerial decree laying down the procedures for implementing unemployment regulations 88 9
Labor Law 85 9
Rural Code 75 0
Royal Decree determining the general terms and conditions for the implementation of laws relating to annual leave for salaried workers 68 13
Law concerning the right to social integration 68 29
Law containing the Military Penal Code 65 0
Decree relating to residential leases 60 44
Royal Decree No. 50 on the Old-Age and Survivors’ Pensions for Salaried Workers 52 9
Royal Decree establishing general regulations on income guarantees for elderly persons 49 6
Decree of the Joint Community Commission implementing the Order of 10 December 2020 on allowances for assistance to elderly
persons

44 14

Law on allowances for persons with disabilities 43 15
Law on the protection of persons with mental disorders 42 23
Ordinance regulating the granting of family benefits 40 20
Law on the provision of assistance by public social welfare centers 31 5
Belgian Nationality Code 29 1
Environment Code - Book 2: Water Code. - Decree section 27 1
Law establishing the Charter of the Socially Insured Person 25 5
Ordinance on allowances for assistance to the elderly 25 8
Royal Decree of 16 July 1992 on population registers and the register of foreign nationals 24 9
Royal Decree of 9 May 1984 implementing Article 100bis, §1, of the Organic Law of 8 July 1976 on public social assistance centers 24 4
Royal Decree implementing Articles 15, 16 and 17 of the Law of 26 July 1996 on the modernization of social security and ensuring
the viability of statutory pension schemes

21 5

Decree of 15 March 2018 on residential leases 19 19
Law establishing income support for the elderly 19 8
Royal Decree on income replacement allowance and integration allowance 18 11
Law on patient rights 15 5
Law of 19 July 1991 on population registers, identity cards, foreigner cards and residence permits 15 3
Decree of the Joint Community Commission of 28 January 2021 implementing the Order of 10 December 2020 on the allowance for
assistance to the elderly

10 0

Law of 22 August 2002 on patients’ rights 3 2
Royal Decree of 25 November 1991 regulating unemployment 2 0
Royal Decree of 21 December 1967 laying down general regulations for the retirement and survivor’s pension scheme for salaried
workers

2 2

Decree of the Walloon Region of 8 February 2018 on management and payment 1 1

Table 4: Distribution of legal articles by code. “Total” denotes the number of occurrences in the full corpus, and
“Relevant” denotes the number of occurrences among articles referenced across the train/validation/test splits. Code
names are translated for readability.
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Figure 5: Basic statistics of bLLeQA. From the left: number of words in the articles (French and Dutch), number of
words in the questions (French and Dutch), number of words in the answers (French and Dutch), and number of
relevant articles per question.

Model Size French Dutch
Spearman↑ MAE↓ F1-macro↑ Spearman↑ MAE↓ F1-macro↑

Gemma-3-4B-it 4B 0.49 1.39 49.97 0.30 1.10 55.57
Qwen3.5-9B 9B 0.77 1.30 41.17 0.58 0.93 53.69
Gemma-3-12B-it 12B 0.74 0.95 70.64 0.50 0.92 59.52
GPT-oss-20B 20B 0.71 1.66 37.02 0.46 1.36 49.98
Qwen3.5-27B 27B 0.78 1.15 51.72 0.62 0.89 57.51
Gemma-3-27B-it 27B 0.77 1.31 37.02 0.50 1.01 50.42
GLM-4.7-Flash 30B 0.69 1.51 38.71 0.43 1.25 41.45
Qwen3-30B-A3B-Instruct 30B 0.72 1.61 29.82 0.44 1.46 38.58
Qwen3.5-35B-A3B 35B 0.75 1.42 35.29 0.56 1.03 49.02
Llama-3.3-70B-Instruct 70B 0.71 1.64 36.16 0.54 1.34 51.86
Qwen3-Next-80B-A3B-Instruct 80B 0.67 1.62 37.02 0.44 1.45 46.06
Llama-4-Scout 109B 0.76 1.04 63.74 0.54 0.93 64.63
GPT-oss-120B 120B 0.74 1.27 55.87 0.55 1.02 59.43
Qwen3.5-122B-A10B 122B 0.81 1.37 37.87 0.59 1.00 48.98
Qwen3-235B-A22B 235B 0.73 1.55 27.90 0.49 1.27 42.96
Qwen3.5-397B-A17B 397B 0.76 1.39 37.02 0.55 1.08 49.48
Llama-4-Maverick 400B 0.74 1.07 59.87 0.53 0.89 62.98
Mistral-Large-2512 675B 0.76 1.21 46.62 0.54 0.92 53.53
DeepSeek-v3.2 685B 0.74 1.53 30.77 0.50 1.20 39.29
GLM-5 754B 0.80 1.36 41.17 0.54 1.05 49.98
Kimi-K2-Instruct-0905 1T 0.76 1.39 32.61 0.48 1.22 40.38
Kimi-K2-Thinking 1T 0.69 1.66 26.92 0.46 1.50 33.89
Kimi-K2.5 1.1T 0.79 1.41 31.67 0.56 1.03 41.89
Gemini-3.1-Flash-Lite – 0.76 1.34 43.55 0.62 1.03 49.98
Claude-Haiku-4.5 – 0.74 1.63 29.82 0.50 1.40 37.04
Gemini-2.5-Flash – 0.76 1.28 45.86 0.58 1.01 53.69
Gemini-3-Flash – 0.74 0.83 71.26 0.60 0.71 72.52
Gemini-3.1-Pro – 0.78 1.30 39.54 0.60 0.97 48.53
Claude-Sonnet-4.6 – 0.82 1.28 37.02 0.59 0.95 48.05

Table 5: Comparison of model judgments against human judgments on DeepSeek’s output for French and Dutch.
We report Spearman correlation, MAE, and F1-macro for accurate (scores of 4–5) versus non-accurate (scores of
1–3) answers. Models are ordered by size when available. G-Eval does not support OpenAI models, and Ministral
models produced outputs in the wrong format.

49



Lang Model Size R@100 R@200 R@500 MAP@100 MRR@100 NDCG@10 NDCG@100

FR

TF-IDF - 59.24 63.11 72.63 18.68 20.73 22.31 27.82
BM25 - 57.04 64.08 72.50 19.25 22.65 23.94 28.44
word2vec - 57.93 66.77 74.56 12.93 16.11 16.42 22.94
fastText - 29.78 34.40 45.72 6.70 8.59 9.41 11.99
static-similarity-mrl-multilingual-v1 - 47.28 55.67 64.89 11.20 13.90 13.69 19.10
mE5-small 118M 58.44 63.79 71.29 19.09 20.57 23.12 28.10
potion-multilingual-128M 128M 44.00 55.88 73.56 7.97 9.80 9.21 15.47
mContriever 178M 54.81 60.80 71.61 9.38 11.72 12.56 19.46
DPR-XM 277M 38.70 46.98 56.47 8.41 11.29 11.37 15.34
mE5-base 278M 58.94 64.43 71.95 20.71 22.91 25.37 29.77
mGTE 305M 65.47 70.74 77.61 20.57 23.17 23.64 30.59
LaBSE 471M 24.97 33.41 47.90 2.18 3.38 2.52 6.82
mE5-large 560M 66.84 71.84 77.54 27.80 30.61 32.62 37.31
mE5-large-instruct 560M 73.46 78.11 84.45 22.49 26.40 26.52 34.30
BGE-M3 568M 67.30 73.00 78.19 20.45 23.02 25.50 31.58
snowflake-arctic-embed-l-v2.0 568M 60.61 70.07 81.87 14.62 18.87 17.89 25.18
jina-embeddings-v3 572M 63.60 71.66 79.61 16.86 20.70 18.80 27.09
E5-mistral-7b 7B 74.30 77.91 80.70 36.91 41.07 42.61 46.45
BGE-Mult.-Gemma2 9B 79.86 84.34 88.21 36.22 43.35 42.88 48.01
voyage-2-law - 71.44 75.53 82.83 26.69 30.17 31.92 37.61
voyage-3-large - 81.84 85.93 90.23 34.16 40.65 40.92 46.51
embedding-3-large - 79.05 82.59 88.58 33.61 38.56 41.03 45.33

NL

TF-IDF - 50.13 57.66 64.86 15.81 17.89 18.62 23.71
BM25 - 48.52 58.41 63.36 15.46 17.84 17.99 22.93
word2vec - 55.37 64.89 75.32 12.02 15.05 14.48 21.48
fastText - 44.30 50.40 57.52 9.89 12.97 12.40 17.42
static-similarity-mrl-multilingual-v1 - 31.39 36.55 48.57 8.46 9.81 9.58 13.59
E5-small-trm-nl 41M 63.57 67.84 76.88 20.03 22.51 24.12 30.17
mE5-small 118M 60.64 62.98 72.06 21.87 24.43 25.57 30.85
E5-base-trm-nl 124M 67.98 72.17 78.30 22.32 25.38 28.18 33.13
potion-multilingual-128M 128M 44.03 53.81 63.27 8.09 9.38 11.04 16.05
mContriever 178M 53.89 60.96 76.18 9.92 13.94 14.44 20.00
DPR-XM 277M 32.44 39.54 49.00 6.58 8.77 8.31 12.38
mE5-base 278M 61.53 69.16 74.86 21.03 24.20 25.24 30.48
mGTE 305M 51.77 62.65 69.72 10.81 12.20 12.72 19.69
E5-large-trm-nl 355M 68.87 74.67 83.37 22.79 26.02 28.56 33.84
LaBSE 471M 18.62 28.70 48.36 1.96 2.95 2.44 5.45
mE5-large 560M 68.01 71.82 76.49 25.64 28.95 31.28 35.94
mE5-large-instruct 560M 71.37 74.56 81.74 26.02 29.46 32.29 36.97
BGE-M3 568M 65.75 73.97 82.49 20.88 24.97 28.10 32.00
snowflake-arctic-embed-l-v2.0 568M 62.76 70.91 78.97 13.10 17.33 17.68 24.63
jina-embeddings-v3 572M 66.39 73.27 79.96 17.05 20.64 21.17 28.26
E5-mistral-7b 7B 74.73 78.35 83.67 36.37 40.69 42.11 46.27
BGE-Mult.-Gemma2 9B 79.59 83.13 89.72 31.25 36.29 37.73 43.57
voyage-2-law - 74.11 78.43 85.22 25.90 30.43 31.87 37.67
voyage-3-large - 76.55 81.95 87.46 32.46 37.80 38.88 43.65
embedding-3-large - 80.94 85.32 90.52 27.54 32.64 33.08 40.66

Table 6: Retrieval performance on the French (FR) and Dutch (NL).
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Lang Model Size R@10 MAP@10 MAP@100 MRR@10 MRR@100 NDCG@10 NDCG@100

NL

BM25 + - 25.69 14.55 15.46 16.88 17.84 17.99 22.93
mmarco-mMiniLMv2-L12-H384-v1 0.1B 36.23 19.50 20.21 23.33 23.96 24.57 27.64
BGE-reranker-base 0.3B 37.31 19.15 19.80 21.97 22.68 24.33 27.22
GTE-multilingual-reranker-base 0.3B 32.15 15.73 16.71 19.23 20.14 20.59 24.65
Jina-reranker-v2-base-multilingual 0.3B 35.67 18.56 19.31 22.06 22.65 23.62 26.82
BGE-reranker-large 0.6B 38.76 21.81 22.38 25.94 26.42 27.07 29.50
BGE-reranker-v2-m3 0.6B 39.11 22.34 22.92 26.96 27.43 27.54 29.93

mE5-small + 0.1B 36.98 20.87 21.87 23.41 24.43 25.57 30.85
mmarco-mMiniLMv2-L12-H384-v1 0.1B 41.93 18.46 19.38 21.44 22.40 24.81 29.23
BGE-reranker-base 0.3B 34.62 14.05 15.45 16.84 18.23 19.69 25.92
GTE-multilingual-reranker-base 0.3B 33.44 15.47 16.91 18.00 19.54 20.47 26.93
Jina-reranker-v2-base-multilingual 0.3B 34.51 16.80 18.13 19.70 21.04 21.90 28.01
BGE-reranker-large 0.6B 43.84 20.51 21.41 24.30 25.15 27.24 31.20
BGE-reranker-v2-m3 0.6B 44.51 23.10 23.87 27.64 28.44 29.42 33.12

mE5-base + 0.2B 37.95 69.16 20.06 21.03 24.20 25.24 30.48
mmarco-mMiniLMv2-L12-H384-v1 0.1B 41.69 20.18 21.22 23.27 24.21 26.14 30.84
BGE-reranker-base 0.3B 37.39 15.95 17.25 18.85 19.92 21.84 27.53
GTE-multilingual-reranker-base 0.3B 38.68 16.81 17.98 19.72 20.76 22.76 28.05
Jina-reranker-v2-base-multilingual 0.3B 37.71 17.33 18.65 19.66 20.87 22.94 28.64
BGE-reranker-large 0.6B 45.53 21.52 22.42 25.34 26.09 28.36 32.18
BGE-reranker-v2-m3 0.6B 47.25 24.44 25.13 29.48 30.05 31.21 34.46

mE5-large-instruct + 0.5B 50.83 25.06 26.02 28.66 29.46 32.29 36.97
mmarco-mMiniLMv2-L12-H384-v1 0.1B 43.73 20.66 21.89 23.99 25.18 27.06 33.33
BGE-reranker-base 0.3B 34.59 15.06 16.87 17.98 19.76 20.43 28.99
GTE-multilingual-reranker-base 0.3B 35.34 15.43 17.26 18.23 19.99 20.99 29.36
Jina-reranker-v2-base-multilingual 0.3B 46.74 19.90 21.12 23.09 24.20 27.23 32.98
BGE-reranker-large 0.6B 46.29 20.91 22.29 25.55 26.90 28.17 34.21
BGE-reranker-v2-m3 0.6B 51.88 25.56 26.42 30.10 30.89 33.14 37.41

voyage-3-large + - 56.15 31.39 32.46 37.10 37.80 38.88 43.65
mmarco-mMiniLMv2-L12-H384-v1 0.1B 48.57 22.00 23.43 25.73 26.88 29.46 36.11
BGE-reranker-base 0.3B 39.22 16.50 18.47 19.88 21.58 22.77 31.67
GTE-multilingual-reranker-base 0.3B 38.14 16.58 18.59 20.38 22.07 22.73 31.78
Jina-reranker-v2-base-multilingual 0.3B 48.14 21.54 23.03 24.88 26.09 28.93 35.70
BGE-reranker-large 0.6B 43.49 18.74 20.68 23.29 24.83 26.94 33.95
BGE-reranker-v2-m3 0.6B 51.96 26.80 28.10 32.02 32.99 34.30 40.04

FR

BM25 + - 37.74 18.36 19.25 21.84 22.65 23.94 28.44
mmarco-mMiniLMv2-L12-H384-v1 0.1B 39.54 19.05 20.00 21.86 22.85 24.76 29.16
BGE-reranker-base 0.3B 30.96 12.88 14.26 15.93 17.20 18.19 24.39
GTE-multilingual-reranker-base 0.3B 41.29 22.49 23.42 25.57 26.44 28.01 31.97
Jina-reranker-v2-base-multilingual 0.3B 37.84 12.84 13.71 15.78 16.60 19.57 23.99
BGE-reranker-large 0.6B 36.77 21.10 22.33 25.41 26.67 25.99 31.12
BGE-reranker-v2-m3 0.6B 43.95 26.18 27.01 31.46 32.09 31.92 35.24

mE5-small + 0.1B 37.41 18.07 19.09 19.42 20.57 23.12 28.10
mmarco-mMiniLMv2-L12-H384-v1 0.1B 39.65 20.07 20.89 23.60 24.47 25.65 29.92
BGE-reranker-base 0.3B 26.23 10.41 11.86 11.95 13.60 14.63 21.93
GTE-multilingual-reranker-base 0.3B 41.58 21.95 22.80 24.97 25.87 27.58 31.57
Jina-reranker-v2-base-multilingual 0.3B 34.70 12.16 13.33 15.32 16.42 18.37 23.86
BGE-reranker-large 0.6B 39.86 18.54 19.48 21.66 22.53 24.45 28.74
BGE-reranker-v2-m3 0.6B 44.27 25.83 26.53 29.78 30.40 31.38 34.63

mE5-base + 0.2B 40.00 19.82 20.71 21.91 22.91 25.37 29.77
mmarco-mMiniLMv2-L12-H384-v1 0.1B 39.97 20.46 21.33 23.41 24.28 25.94 30.31
BGE-reranker-base 0.3B 30.12 11.73 12.97 13.37 14.80 16.59 23.09
GTE-multilingual-reranker-base 0.3B 42.66 22.65 23.43 25.19 25.89 28.31 32.05
Jina-reranker-v2-base-multilingual 0.3B 36.61 12.54 13.66 15.40 16.45 18.99 24.20
BGE-reranker-large 0.6B 39.75 20.24 21.19 23.41 24.27 25.73 30.15
BGE-reranker-v2-m3 0.6B 45.00 26.56 27.26 30.61 31.24 32.13 35.36

mE5-large-instruct + 0.5B 44.56 20.61 21.92 23.83 24.97 27.29 33.87
mmarco-mMiniLMv2-L12-H384-v1 0.1B 44.16 20.22 21.53 23.11 24.41 26.77 33.59
BGE-reranker-base 0.3B 27.63 11.15 13.18 12.66 14.74 15.55 25.99
GTE-multilingual-reranker-base 0.3B 45.67 22.62 23.98 25.06 26.40 29.07 35.66
Jina-reranker-v2-base-multilingual 0.3B 40.29 13.68 15.33 16.53 18.07 20.81 28.68
BGE-reranker-large 0.6B 41.69 20.63 22.10 24.37 25.77 26.68 33.99
BGE-reranker-v2-m3 0.6B 49.62 29.75 30.98 34.15 35.26 35.84 41.53

voyage-3-large + - 58.52 32.82 34.16 39.72 40.65 40.92 46.51
mmarco-mMiniLMv2-L12-H384-v1 0.1B 46.96 24.14 25.86 27.55 29.11 30.64 38.90
BGE-reranker-base 0.3B 30.66 10.76 12.92 12.42 14.52 16.09 27.49
GTE-multilingual-reranker-base 0.3B 47.95 22.77 24.16 24.95 26.21 29.63 37.18
Jina-reranker-v2-base-multilingual 0.3B 40.59 13.90 15.85 16.91 18.59 21.14 30.62
BGE-reranker-large 0.6B 41.37 19.49 21.21 23.22 24.64 25.70 34.65
BGE-reranker-v2-m3 0.6B 51.98 30.15 31.65 35.10 36.23 36.77 43.73

Table 7: Reranker performance on retrieved results from the Dutch (NL) and French (FR) subsets of bLLeQA (test
set). First row of each block: retrieval-only baseline; subsequent rows: rerankers applied to the retriever results
above.
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French Dutch
Model Size Setting Pr Rec F1 Pr Rec F1

Ministral-3B 3B
Gold 81.94 72.56 75.55 80.00 71.44 74.22
RAG+ 23.17 27.69 23.52 22.46 29.35 23.51
RAG 32.22 37.74 33.20 37.60 44.84 38.36

Gemma-3-4B-it 4B
Gold 83.31 73.40 76.12 69.68 64.60 66.26
RAG+ 7.53 39.30 10.85 7.06 37.47 10.14
RAG 6.89 34.60 9.68 6.75 30.81 9.53

Ministral-8B 8B
Gold 98.71 89.85 92.71 98.71 88.99 92.16
RAG+ 39.03 57.66 42.00 42.91 54.33 44.39
RAG 37.91 53.95 40.42 38.13 49.35 40.27

Qwen3.5-9B 9B
Gold 76.77 68.77 71.21 73.55 65.70 68.24
RAG+ 43.52 59.22 46.31 42.85 55.66 44.70
RAG 47.33 58.82 49.37 52.19 61.45 53.58

Gemma-3-12B-it 12B
Gold 95.27 84.20 87.77 91.83 80.45 84.04
RAG+ 18.07 33.63 20.34 15.84 27.31 17.05
RAG 15.34 29.46 17.04 19.97 33.44 22.36

Ministral-14B 14B
Gold 97.58 88.97 91.77 97.63 87.51 90.68
RAG+ 44.34 56.51 45.28 46.32 53.95 46.01
RAG 43.61 55.13 45.36 44.46 51.34 44.20

GPT-oss-20B 20B
Gold 80.97 72.81 75.19 74.19 65.58 68.26
RAG+ 33.30 36.24 32.56 33.89 37.50 33.19
RAG 34.61 36.53 33.77 39.53 42.34 38.45

Gemma-3-27B-it 27B
Gold 85.16 75.55 78.65 89.35 78.13 81.58
RAG+ 28.48 32.37 27.92 26.08 28.17 25.53
RAG 27.41 30.75 27.14 27.28 27.63 26.39

Qwen3.5-27B 27B
Gold 77.42 70.41 72.73 77.42 70.20 72.45
RAG+ 47.19 72.44 52.54 48.37 73.78 54.00
RAG 49.37 69.17 53.58 52.02 70.89 56.21

GLM-4.7-Flash 30B
Gold 96.62 89.63 91.57 93.87 88.12 90.04
RAG+ 24.79 58.06 29.81 25.18 62.47 31.06
RAG 24.20 56.99 29.70 22.77 52.07 27.15

Qwen3-30B-A3B-Instruct 30B
Gold 96.77 84.93 88.68 98.71 88.11 91.46
RAG+ 40.74 54.70 42.29 36.68 57.02 39.33
RAG 39.46 53.92 41.28 36.97 57.10 40.26

Qwen3.5-35B-A3B 35B
Gold 71.61 66.54 68.15 74.19 68.31 70.19
RAG+ 50.33 64.99 52.91 48.45 62.84 50.71
RAG 54.98 67.77 57.19 54.69 65.22 56.34

Llama-3.3-70B-Instruct 70B
Gold 90.81 79.37 82.92 90.97 81.27 84.45
RAG+ 36.03 45.38 36.33 35.45 46.72 35.72
RAG 43.31 50.22 43.24 38.25 44.84 37.68

Qwen3-Next-80B-A3B-Instruct 80B
Gold 89.68 78.46 81.79 91.61 79.67 83.28
RAG+ 46.94 61.15 47.53 44.43 61.56 46.25
RAG 48.27 58.66 48.24 49.32 60.81 49.88

Llama-4-Scout 109B
Gold 90.32 80.68 83.75 88.17 78.93 81.90
RAG+ 36.73 47.01 37.35 33.82 44.73 34.75
RAG 39.75 48.25 40.61 36.13 47.02 37.51

GPT-oss-120B 120B
Gold 85.48 76.92 79.65 85.16 76.57 79.24
RAG+ 39.81 50.30 41.25 38.89 47.07 40.06
RAG 41.49 48.79 42.61 40.09 47.61 41.11

Qwen3.5-122B-A10B 122B
Gold 70.97 63.48 65.94 65.16 59.35 61.27
RAG+ 52.86 71.96 56.60 50.11 64.46 52.35
RAG 55.94 69.81 58.79 58.20 68.31 60.05

Qwen3-235B-A22B 235B
Gold 95.48 84.53 87.89 93.55 82.95 86.25
RAG+ 48.17 64.60 49.91 48.42 59.65 49.31
RAG 45.57 59.95 47.33 43.86 53.82 44.30

Qwen3.5-397B-A17B 397B
Gold 72.26 65.42 67.66 74.19 65.42 68.08
RAG+ 50.22 69.59 54.03 50.98 70.05 54.80
RAG 59.49 76.13 62.39 54.62 66.18 55.88

Llama-4-Maverick 400B
Gold 88.82 78.37 81.72 89.68 79.15 82.25
RAG+ 46.37 55.40 46.60 48.25 63.17 50.01
RAG 49.64 62.15 51.20 51.34 56.94 50.43

Mistral-Large-2512 675B
Gold 95.48 86.95 89.69 93.55 85.12 87.77
RAG+ 50.19 68.36 53.52 52.38 68.95 55.00
RAG 46.13 62.37 49.15 47.32 61.77 49.56

DeepSeek-v3.2 685B
Gold 76.77 69.25 71.60 90.19 81.04 83.97
RAG+ 52.89 68.99 55.43 49.52 69.29 52.94
RAG 53.50 70.24 56.01 48.55 62.63 49.89

GLM-5 754B
Gold 76.13 68.78 71.13 75.48 68.16 70.49
RAG+ 55.52 74.59 58.89 56.49 69.38 58.49
RAG 59.55 71.21 61.03 58.06 68.41 59.23

Kimi-K2-Instruct-0905 1T
Gold 85.16 72.87 76.78 86.29 75.42 78.61
RAG+ 46.46 56.10 47.20 38.49 46.85 38.83
RAG 48.95 53.49 48.09 40.00 48.25 40.42

Kimi-K2-Thinking 1T
Gold 64.52 58.48 60.38 66.45 59.53 61.69
RAG+ 46.66 69.72 50.81 43.83 61.51 47.26
RAG 53.10 72.02 56.82 51.40 68.82 54.70

Kimi-K2.5 1.1T
Gold 69.68 62.03 64.47 66.45 60.56 62.39
RAG+ 54.62 63.59 55.44 54.65 65.19 55.58
RAG 64.37 71.40 64.49 62.55 68.92 62.55

GPT-5-Nano -
Gold 86.45 79.57 81.90 87.10 80.79 82.75
RAG+ 33.04 44.09 34.27 28.04 38.03 29.26
RAG 35.82 44.44 36.18 36.26 45.46 37.06

Gemini-3.1-Flash-Lite -
Gold 78.71 70.74 73.21 78.06 70.34 72.66
RAG+ 64.62 69.30 63.58 65.64 67.49 63.26
RAG 63.74 67.04 62.45 63.75 65.65 61.77

GPT-5-Mini -
Gold 81.29 79.52 80.18 82.58 79.84 80.80
RAG+ 35.74 70.56 43.34 33.93 73.19 42.21
RAG 32.94 62.12 39.52 37.21 67.66 43.24

Gemini-2.5-Flash -
Gold 79.03 70.82 73.49 81.29 74.19 76.43
RAG+ 46.94 72.67 51.59 43.28 72.19 49.41
RAG 46.94 68.84 51.18 41.56 67.74 47.04

Gemini-3-Flash -
Gold 80.65 76.11 77.49 83.87 79.39 80.94
RAG+ 42.49 76.76 50.31 43.21 78.05 51.74
RAG 44.25 72.80 50.46 40.16 70.78 46.92

Claude-Haiku-4.5 -
Gold 77.42 69.33 71.97 76.77 68.68 71.25
RAG+ 50.18 71.74 53.78 53.53 67.66 55.87
RAG 54.05 69.57 56.21 55.62 66.05 56.30

Gemini-3.1-Pro -
Gold 78.71 72.03 74.17 79.35 71.66 74.13
RAG+ 60.88 69.96 61.51 62.85 71.19 63.19
RAG 63.88 71.56 63.88 64.28 69.73 63.43

GPT-5.4 -
Gold 70.32 65.74 67.19 70.97 65.59 67.35
RAG+ 41.86 71.63 48.57 41.73 67.33 47.03
RAG 52.22 75.38 57.49 52.13 74.73 56.73

Claude-Sonnet-4.6 -
Gold 86.45 83.07 84.22 88.39 83.72 85.27
RAG+ 43.60 82.19 52.10 44.88 78.40 52.25
RAG 42.64 71.26 48.72 41.82 71.61 48.43

Table 8: Citation coverage precision (Pr), recall (Rec), and F1 for Dutch and French, ordered by model size when
available.
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French Dutch
model size setting Correctness Faithfulness Correctness Faithfulness

Ministral-3B 3B
Gold 2.7226 0.7429 2.6258 0.6827
RAG+ 2.3032 0.6506 2.2774 0.6434
RAG 2.6323 0.6270 2.7226 0.6094

Gemma-3-4B-it 4B
Gold 2.6645 0.7820 2.2258 0.6944
RAG+ 2.0065 0.4666 1.9355 0.4920
RAG 2.1226 0.4618 1.8710 0.4938

Ministral-8B 8B
Gold 3.3613 0.7506 3.2839 0.7624
RAG+ 3.4129 0.6930 3.2387 0.7409
RAG 3.2516 0.7346 3.1871 0.7090

Qwen3.5-9B 9B
Gold 2.8323 0.8900 2.6903 0.9257
RAG+ 3.1226 0.8828 3.0387 0.8661
RAG 3.3226 0.9004 3.2129 0.8454

Gemma-3-12B-it 12B
Gold 3.0581 0.9013 2.9548 0.8668
RAG+ 2.2194 0.6296 2.0194 0.6462
RAG 2.2194 0.6292 2.2323 0.6907

Ministral-14b 14B
Gold 3.5290 0.7977 3.4000 0.7969
RAG+ 3.3290 0.7269 3.1548 0.7318
RAG 3.4387 0.7692 3.1806 0.7486

GPT-oss-20B 20B
Gold 2.8774 0.8646 2.7355 0.7870
RAG+ 2.6581 0.6566 2.3548 0.6552
RAG 2.8323 0.6675 2.7548 0.6586

Gemma-3-27B-it 27B
Gold 2.8903 0.9067 2.8903 0.9203
RAG+ 2.3871 0.8501 2.1806 0.8190
RAG 2.3935 0.8384 2.2839 0.8161

Qwen3.5-27B 27B
Gold 3.0258 0.9168 2.8968 0.9354
RAG+ 3.6516 0.9388 3.5097 0.9510
RAG 3.7032 0.9692 3.6452 0.9344

Qwen3-30B-A3B-Instruct 30B
Gold 3.3226 0.8679 3.4323 0.8264
RAG+ 3.0980 0.7969 2.9605 0.7142
RAG 3.2013 0.7828 3.0395 0.7673

GLM-4.7-Flash 30B
Gold 3.2129 0.8561 3.0129 0.8430
RAG+ 2.8839 0.7826 2.7613 0.7523
RAG 2.8516 0.7854 2.7613 0.7608

Qwen3.5-35B-A3B 35B
Gold 2.8839 0.8832 2.8645 0.9485
RAG+ 3.3871 0.9411 3.2323 0.9064
RAG 3.5742 0.9445 3.5226 0.9013

Llama-3.3-70B-Instruct 70B
Gold 2.6194 0.8874 2.8774 0.8471
RAG+ 2.3613 0.7758 2.2387 0.6843
RAG 2.4774 0.7978 2.5226 0.7033

Qwen3-Next-80B-A3B-Instruct 80B
Gold 3.1226 0.9053 2.9742 0.8811
RAG+ 3.2774 0.8937 2.9677 0.8304
RAG 3.2581 0.8652 3.1097 0.8098

Llama-4-Scout 109B
Gold 2.8774 0.8882 2.9032 0.8594
RAG+ 2.4645 0.7488 2.4774 0.6886
RAG 2.6516 0.7794 2.5548 0.6944

GPT-oss-120B 120B
Gold 3.0452 0.8775 2.9613 0.8825
RAG+ 3.0323 0.7868 2.8000 0.7731
RAG 3.1548 0.7558 3.1032 0.7764

Qwen3.5-122B-A10B 122B
Gold 2.8903 0.9599 2.7419 0.9380
RAG+ 3.4710 0.9591 3.3548 0.8893
RAG 3.7161 0.9443 3.6452 0.9419

Qwen3-235B-A22B 235B
Gold 3.4774 0.9083 3.3806 0.8752
RAG+ 3.2323 0.8634 3.1613 0.7978
RAG 3.1677 0.8647 3.0581 0.8294

Qwen3.5-397B-A17B 397B
Gold 2.9613 0.9071 2.9419 0.9302
RAG+ 3.5806 0.9247 3.5161 0.9485
RAG 3.8839 0.9671 3.7097 0.9326

Llama-4-Maverick 400B
Gold 3.0645 0.9164 2.8774 0.8798
RAG+ 2.8065 0.8505 2.9548 0.8180
RAG 3.0974 0.8467 3.0323 0.8160

Mistral-Large-2512 675B
Gold 3.5677 0.8749 3.5419 0.8500
RAG+ 3.7806 0.8549 3.7161 0.8356
RAG 3.6774 0.8504 3.6774 0.8224

DeepSeek-v3.2 685B
Gold 2.9806 0.8956 3.1161 0.9068
RAG+ 3.4581 0.9288 3.3806 0.8781
RAG 3.7226 0.9291 3.2903 0.9157

GLM-5 754B
Gold 3.1484 0.9002 3.0774 0.9430
RAG+ 3.6194 0.9593 3.4968 0.9394
RAG 3.8129 0.9499 3.7161 0.9273

Kimi-K2-Instruct-0905 1T
Gold 3.0714 0.8586 3.0258 0.7778
RAG+ 3.2387 0.7515 2.8323 0.6869
RAG 3.1935 0.7582 2.9226 0.6774

Kimi-K2-Thinking 1T
Gold 2.9290 0.8520 2.9032 0.9635
RAG+ 3.5548 0.8950 3.3355 0.9009
RAG 3.8710 0.9278 3.7226 0.8885

Kimi-K2.5 1.1T
Gold 3.0065 0.9024 2.9032 0.9441
RAG+ 3.4258 0.9106 3.3613 0.9313
RAG 3.8387 0.9380 3.7290 0.9300

GPT-5-Nano -
Gold 3.2710 0.9088 3.2774 0.8873
RAG+ 3.2000 0.7548 3.0581 0.7276
RAG 3.2645 0.7894 3.2065 0.7732

Gemini-3.1-Flash-Lite -
Gold 3.1097 0.9233 3.0516 0.9114
RAG+ 3.4065 0.9466 3.3742 0.8943
RAG 3.5484 0.9398 3.4581 0.8914

GPT-5-Mini -
Gold 3.3548 0.9355 3.3161 0.9466
RAG+ 3.5548 0.9547 3.6903 0.9534
RAG 3.6710 0.9540 3.7032 0.9388

Gemini-2.5-Flash -
Gold 3.1806 0.9175 3.2581 0.9223
RAG+ 3.7226 0.8942 3.7806 0.9046
RAG 3.7742 0.9342 3.6710 0.9180

Gemini-3-Flash -
Gold 3.3355 0.9192 3.3677 0.9536
RAG+ 3.9161 0.9719 3.8387 0.9667
RAG 3.9935 0.9814 3.8452 0.9573

Claude-Haiku-4.5 -
Gold 3.1548 0.8949 3.1032 0.9446
RAG+ 3.5484 0.9502 3.4065 0.9265
RAG 3.7742 0.9017 3.6000 0.9010

Gemini-3.1-Pro -
Gold 3.1871 0.9391 3.1613 0.9416
RAG+ 3.6065 0.9661 3.4645 0.9475
RAG 3.7355 0.9683 3.7032 0.9220

GPT-5.4 -
Gold 3.1226 0.8907 3.1613 0.9555
RAG+ 3.6194 0.9621 3.5419 0.9515
RAG 4.0323 0.9475 3.9548 0.9482

Claude-Sonnet-4.6 -
Gold 3.6323 0.9248 3.6129 0.9488
RAG+ 4.1355 0.9714 4.0387 0.9480
RAG 4.1548 0.9621 4.1290 0.9455

Table 9: Answer correctness and faithfulness results by model, setting, and language.
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French Dutch
model size setting AccAns InaccAns CorrRef IncorrRef AccAns InaccAns CorrRef IncorrRef

Ministral-3B 3B
Gold 27.74 56.77 0 15.48 29.03 53.55 0 17.42
RAG+ 21.94 44.52 0 33.55 20.00 50.32 0 29.68
RAG 17.42 45.16 11.61 25.81 20.00 47.74 12.26 20.00

Gemma-3-4B-it 4B
Gold 23.87 67.74 0 8.39 14.19 69.68 0 16.13
RAG+ 7.74 89.68 0 2.58 7.10 90.97 0 1.94
RAG 10.97 86.45 1.94 0.65 3.23 91.61 0.65 4.52

Ministral-8B 8B
Gold 52.26 47.74 0 0 45.16 54.84 0 0
RAG+ 52.90 47.10 0 0 49.03 49.03 0 1.94
RAG 47.10 52.90 0 0 43.23 55.48 0.65 0.65

Qwen3.5-9B 9B
Gold 32.90 44.52 0 22.58 27.74 47.10 0 25.16
RAG+ 41.29 51.61 0 7.10 35.48 55.48 0 9.03
RAG 37.42 50.32 7.10 5.16 32.26 54.19 7.74 5.81

Gemma-3-12B-it 12B
Gold 31.61 67.74 0 0.65 30.32 65.16 0 4.52
RAG+ 16.77 72.90 0 10.32 10.32 67.74 0 21.94
RAG 11.61 78.71 1.94 7.74 10.32 67.74 5.81 16.13

Ministral-14b 14B
Gold 54.19 44.52 0 1.29 50.32 47.74 0 1.94
RAG+ 51.61 44.52 0 3.87 47.10 44.52 0 8.39
RAG 50.32 46.45 2.58 0.65 43.23 50.32 1.94 4.52

GPT-oss-20B 20B
Gold 29.68 52.26 0 18.06 30.32 47.10 0 22.58
RAG+ 27.10 57.42 0 15.48 18.71 59.35 0 21.94
RAG 23.87 60.00 5.16 10.97 19.35 63.23 6.45 10.97

Qwen3.5-27B 27B
Gold 41.94 35.48 0 22.58 36.13 37.42 0 26.45
RAG+ 61.29 32.26 0 6.45 56.77 35.48 0 7.74
RAG 56.13 36.13 5.16 2.58 50.97 37.42 5.16 3.87

Gemma-3-27B-it 27B
Gold 29.68 58.06 0 12.26 27.74 62.58 0 9.68
RAG+ 16.77 76.13 0 7.10 11.61 82.58 0 5.81
RAG 14.84 78.71 3.23 3.23 11.61 83.87 1.94 2.58

Qwen3-30B-A3B-Instruct 30B
Gold 46.45 50.32 0 3.23 51.61 47.10 0 1.29
RAG+ 39.22 57.52 0 3.27 32.24 63.82 0 3.95
RAG 40.91 55.19 1.95 1.95 37.50 60.53 0.66 1.32

GLM-4.7-Flash 30B
Gold 36.13 63.87 0 0 36.77 60.00 0 3.23
RAG+ 29.03 70.97 0 0 25.16 74.84 0 0
RAG 31.61 68.39 0 0 21.94 76.13 1.29 0.65

Qwen3.5-35B-A3B 35B
Gold 37.42 35.48 0 27.10 38.71 36.13 0 25.16
RAG+ 54.19 36.13 0 9.68 45.81 41.94 0 12.26
RAG 49.68 37.42 8.39 4.52 44.52 39.35 9.68 6.45

Llama-3.3-70B-Instruct 70B
Gold 17.42 73.55 0 9.03 26.45 64.52 0 9.03
RAG+ 10.97 78.06 0 10.97 7.10 80.00 0 12.90
RAG 7.74 76.13 7.74 8.39 13.55 76.77 3.87 5.81

Qwen3-Next-80B-A3B-Instruct 80B
Gold 37.42 53.55 0 9.03 32.90 58.71 0 8.39
RAG+ 46.45 49.03 0 4.52 31.61 63.87 0 4.52
RAG 38.06 56.77 3.23 1.94 30.97 64.52 3.87 0.65

Llama-4-Scout 109B
Gold 23.87 67.10 0 9.03 32.90 56.13 0 10.97
RAG+ 16.13 65.81 0 18.06 15.48 78.06 0 6.45
RAG 17.42 69.03 3.87 9.68 13.55 80.65 1.29 4.52

GPT-oss-120B 120B
Gold 34.84 50.97 0 14.19 33.55 51.61 0 14.84
RAG+ 34.19 58.71 0 7.10 27.74 62.58 0 9.68
RAG 36.77 52.90 4.52 5.81 34.19 54.84 5.81 5.16

Qwen3.5-122B-A10B 122B
Gold 37.42 34.19 0 28.39 36.77 28.39 0 34.84
RAG+ 52.90 38.71 0 8.39 50.97 38.06 0 10.97
RAG 50.32 40.00 8.39 1.29 50.32 32.90 9.68 7.10

Qwen3-235B-A22B 235B
Gold 54.84 40.65 0 4.52 50.32 43.23 0 6.45
RAG+ 47.10 49.68 0 3.23 40.00 56.77 0 3.23
RAG 40.00 54.84 2.58 2.58 34.19 60.65 2.58 2.58

Qwen3.5-397B-A17B 397B
Gold 41.94 30.32 0 27.74 38.06 36.77 0 25.16
RAG+ 60.65 29.68 0 9.68 56.77 31.61 0 11.61
RAG 57.42 31.61 9.03 1.94 52.26 33.55 8.39 5.81

Llama-4-Maverick 400B
Gold 32.90 56.77 0 10.32 26.45 63.23 0 10.32
RAG+ 27.74 58.71 0 13.55 29.03 67.10 0 3.87
RAG 29.87 57.79 6.49 5.84 27.74 69.03 2.58 0.65

Mistral-Large-2512 675B
Gold 57.42 38.71 0 3.87 58.71 34.84 0 6.45
RAG+ 67.74 32.26 0 0 63.23 36.77 0 0
RAG 60.65 39.35 0 0 66.45 33.55 0 0

DeepSeek-v3.2 685B
Gold 43.23 33.55 0 23.23 38.06 52.26 0 9.68
RAG+ 56.77 31.61 0 11.61 49.03 46.45 0 4.52
RAG 50.97 34.84 9.03 5.16 42.58 53.55 2.58 1.29

GLM-5 754B
Gold 48.39 27.74 0 23.87 44.52 31.61 0 23.87
RAG+ 60.00 33.55 0 6.45 56.13 35.48 0 8.39
RAG 52.90 34.84 9.03 3.23 54.19 36.77 5.81 3.23

Kimi-K2-Instruct-0905 1T
Gold 38.31 53.90 0 7.79 36.13 59.35 0 4.52
RAG+ 43.87 52.90 0 3.23 30.97 58.71 0 10.32
RAG 40.65 53.55 3.87 1.94 37.42 57.42 1.29 3.87

Kimi-K2-Thinking 1T
Gold 47.74 18.71 0 33.55 44.52 21.94 0 33.55
RAG+ 60.65 27.74 0 11.61 51.61 33.55 0 14.84
RAG 61.29 25.16 9.68 3.87 52.90 33.55 9.03 4.52

Kimi-K2.5 1.1T
Gold 44.52 25.81 0 29.68 43.23 23.87 0 32.90
RAG+ 56.13 27.74 0 16.13 52.90 29.03 0 18.06
RAG 58.71 23.23 12.26 5.81 45.81 35.48 12.26 6.45

GPT-5-Nano -
Gold 49.68 36.77 0 13.55 46.45 40.65 0 12.90
RAG+ 47.74 41.29 0 10.97 41.94 47.10 0 10.97
RAG 43.87 43.87 3.87 8.39 41.94 45.81 4.52 7.74

Gemini-3.1-Flash-Lite -
Gold 45.81 34.19 0 20.00 42.58 36.77 0 20.65
RAG+ 49.03 43.23 0 7.74 47.10 48.39 0 4.52
RAG 47.10 45.81 5.16 1.94 39.35 54.84 0.65 5.16

GPT-5-Mini -
Gold 54.84 26.45 0 18.71 53.55 29.03 0 17.42
RAG+ 62.58 28.39 0 9.03 66.45 29.03 0 4.52
RAG 60.65 30.32 3.87 5.16 57.42 34.19 5.81 2.58

Gemini-2.5-Flash -
Gold 47.74 31.61 0 20.65 48.39 34.19 0 17.42
RAG+ 63.23 32.90 0 3.87 64.52 31.61 0 3.87
RAG 60.00 35.48 3.87 0.65 59.35 37.42 2.58 0.65

Gemini-3-Flash -
Gold 55.48 25.81 0 18.71 52.90 30.97 0 16.13
RAG+ 72.90 20.00 0 7.10 70.32 23.23 0 6.45
RAG 67.10 24.52 5.81 2.58 64.52 29.03 3.87 2.58

Claude-Haiku-4.5 -
Gold 49.03 28.39 0 22.58 46.45 30.32 0 23.23
RAG+ 58.06 34.19 0 7.74 53.55 36.77 0 9.68
RAG 60.00 30.32 6.45 3.23 50.32 38.06 6.45 5.16

Gemini-3.1-Pro -
Gold 46.45 32.90 0 20.65 47.74 32.90 0 19.35
RAG+ 56.77 35.48 0 7.74 49.68 41.94 0 8.39
RAG 49.68 38.71 9.03 2.58 51.61 38.71 8.39 1.29

GPT-5.4 -
Gold 49.68 20.65 0 29.68 51.61 19.35 0 29.03
RAG+ 63.87 20.00 0 16.13 61.94 20.00 0 18.06
RAG 60.00 18.06 14.19 7.74 58.71 18.06 14.84 8.39

Claude-Sonnet-4.6 -
Gold 62.58 23.87 0 13.55 60.00 28.39 0 11.61
RAG+ 77.42 18.06 0 4.52 75.48 19.35 0 5.16
RAG 76.77 18.71 2.58 1.94 74.19 18.71 3.87 3.23

Table 10: Share of accurate/inaccurate answers and correct/incorrect refusals (%). AccAns/InaccAns denote
accurate/inaccurate answers; CorrRef/IncorrRef denote correct/incorrect refusals. Answers with a correctness score
of 4–5 from the LLM judge are considered accurate, while scores of 1–3 are considered inaccurate.
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model size setting RefRate F1-macro RefPr RefRec RefF1 NonRefPr NonRefRec NonRefF1

Ministral-3B 3B
Gold 17.42 - - - - 100 82.58 90.46
RAG+ 29.68 - - - - 100 70.32 82.58
RAG 32.26 56.74 38.00 42.22 40.00 75.24 71.82 73.49

Gemma-3-4B-it 4B
Gold 16.13 - - - - 100 83.87 91.23
RAG+ 1.94 - - - - 100 98.06 99.02
RAG 5.16 41.96 12.50 2.22 3.77 70.07 93.64 80.16

Ministral-8B 8B
Gold 0 - - - - 100 100 100
RAG+ 1.94 - - - - 100 98.06 99.02
RAG 1.29 43.57 50.00 2.22 4.26 71.24 99.09 82.89

Qwen3.5-9B 9B
Gold 25.16 - - - - 100 74.84 85.61
RAG+ 9.03 - - - - 100 90.97 95.27
RAG 13.55 59.58 57.14 26.67 36.36 75.37 91.82 82.79

Gemma-3-12B-it 12B
Gold 4.52 - - - - 100 95.48 97.69
RAG+ 21.94 - - - - 100 78.06 87.68
RAG 21.94 48.19 26.47 20 22.78 70.25 77.27 73.59

Ministral-14B 14B
Gold 1.94 - - - - 100 98.06 99.02
RAG+ 8.39 - - - - 100 91.61 95.62
RAG 6.45 45.85 30 6.67 10.91 71.03 93.64 80.78

GPT-oss-20B 20B
Gold 22.58 - - - - 100 77.42 87.27
RAG+ 21.94 - - - - 100 78.06 87.68
RAG 17.42 52.96 37.04 22.22 27.78 72.66 84.55 78.15

Gemma-3-27B-it 27B
Gold 9.68 - - - - 100 90.32 94.92
RAG+ 5.81 - - - - 100 94.19 97.01
RAG 4.52 46.85 42.86 6.67 11.54 71.62 96.36 82.17

Qwen3.5-27B 27B
Gold 26.45 - - - - 100 73.55 84.76
RAG+ 7.74 - - - - 100 92.26 95.97
RAG 11.61 61.15 66.67 26.67 38.1 75.91 94.55 84.21

Qwen3-30B-A3B-Instruct 30B
Gold 1.29 - - - - 100 98.71 99.35
RAG+ 3.87 - - - - 100 96.13 98.03
RAG 1.94 43.30 33.33 2.22 4.17 71.05 98.18 82.44

GLM-4.7-Flash 30B
Gold 3.23 - - - - 100 96.77 98.36
RAG+ 0 - - - - 100 100 100
RAG 1.94 45.77 66.67 4.44 8.33 71.71 99.09 83.21

Qwen3.5-35B-A3B 35B
Gold 25.16 - - - - 100 74.84 85.61
RAG+ 12.26 - - - - 100 87.74 93.47
RAG 16.13 63.10 60 33.33 42.86 76.92 90.91 83.33

Llama-3.3-70B-Instruct 70B
Gold 9.03 - - - - 100 90.97 95.27
RAG+ 12.9 - - - - 100 87.1 93.1
RAG 9.68 50.40 40 13.33 20 72.14 91.82 80.8

Qwen3-Next-80B-A3B-Instruct 80B
Gold 8.39 - - - - 100 91.61 95.62
RAG+ 4.52 - - - - 100 95.48 97.69
RAG 4.52 53.79 85.71 13.33 23.08 73.65 99.09 84.5

Llama-4-Scout 109B
Gold 10.97 - - - - 100 89.03 94.2
RAG+ 6.45 - - - - 100 93.55 96.67
RAG 5.81 43.94 22.22 4.44 7.41 70.55 93.64 80.47

GPT-oss-120B 120B
Gold 14.84 - - - - 100 85.16 91.99
RAG+ 9.68 - - - - 100 90.32 94.92
RAG 10.97 55.65 52.94 20 29.03 73.91 92.73 82.26

Qwen3.5-122B-A10B 122B
Gold 34.84 - - - - 100 65.16 78.91
RAG+ 10.97 - - - - 100 89.03 94.2
RAG 16.77 62.55 57.69 33.33 42.25 76.74 90 82.85

Qwen3-235B-A22B 235B
Gold 6.45 - - - - 100 93.55 96.67
RAG+ 3.23 - - - - 100 96.77 98.36
RAG 5.16 48.79 50 8.89 15.09 72.11 96.36 82.49

Qwen3.5-397B-A17B 397B
Gold 25.16 - - - - 100 74.84 85.61
RAG+ 11.61 - - - - 100 88.39 93.84
RAG 14.19 60.97 59.09 28.89 38.81 75.94 91.82 83.13

Llama-4-Maverick 400B
Gold 10.32 - - - - 100 89.68 94.56
RAG+ 3.87 - - - - 100 96.13 98.03
RAG 3.23 49.92 80 8.89 16 72.67 99.09 83.85

Mistral-Large-2512 675B
Gold 6.45 - - - - 100 93.55 96.67
RAG+ 0 - - - - 100 100 100
RAG 0 41.51 0 0 0 70.97 100 83.02

DeepSeek-v3.2 685B
Gold 9.68 - - - - 100 90.32 94.92
RAG+ 4.52 - - - - 100 95.48 97.69
RAG 3.87 49.54 66.67 8.89 15.69 72.48 98.18 83.4

GLM-5 754B
Gold 23.87 - - - - 100 76.13 86.45
RAG+ 8.39 - - - - 100 91.61 95.62
RAG 9.03 57.09 64.29 20 30.51 74.47 95.45 83.67

Kimi-K2-Instruct-0905 1T
Gold 4.52 - - - - 100 95.48 97.69
RAG+ 10.32 - - - - 100 89.68 94.56
RAG 5.16 44.24 25 4.44 7.55 70.75 94.55 80.93

Kimi-K2-Thinking 1T
Gold 33.55 - - - - 100 66.45 79.84
RAG+ 14.84 - - - - 100 85.16 91.99
RAG 13.55 63.43 66.67 31.11 42.42 76.87 93.64 84.43

Kimi-K2.5 1.1T
Gold 32.9 - - - - 100 67.1 80.31
RAG+ 18.06 - - - - 100 81.94 90.07
RAG 18.71 68.05 65.52 42.22 51.35 79.37 90.91 84.75

GPT-5-Nano -
Gold 12.9 - - - - 100 87.1 93.1
RAG+ 10.97 - - - - 100 89.03 94.2
RAG 12.26 50.77 36.84 15.56 21.88 72.06 89.09 79.67

Gemini-3.1-Flash-Lite -
Gold 20.65 - - - - 100 79.35 88.49
RAG+ 4.52 - - - - 100 95.48 97.69
RAG 5.81 57.39 88.89 17.78 29.63 74.66 99.09 85.16

GPT-5-Mini -
Gold 17.42 - - - - 100 82.58 90.46
RAG+ 4.52 - - - - 100 95.48 97.69
RAG 8.39 57.58 69.23 20 31.03 74.65 96.36 84.13

Gemini-2.5-Flash -
Gold 17.42 - - - - 100 82.58 90.46
RAG+ 3.87 - - - - 100 96.13 98.03
RAG 3.23 49.92 80 8.89 16 72.67 99.09 83.85

Gemini-3-Flash -
Gold 16.13 - - - - 100 83.87 91.23
RAG+ 6.45 - - - - 100 93.55 96.67
RAG 6.45 52.48 60 13.33 21.82 73.1 96.36 83.14

Claude-Haiku-4.5 -
Gold 23.23 - - - - 100 76.77 86.86
RAG+ 9.68 - - - - 100 90.32 94.92
RAG 11.61 57.17 55.56 22.22 31.75 74.45 92.73 82.59

Gemini-3.1-Pro -
Gold 19.35 - - - - 100 80.65 89.29
RAG+ 8.39 - - - - 100 91.61 95.62
RAG 11.61 63.15 72.22 28.89 41.27 76.64 95.45 85.02

GPT-5.4 -
Gold 29.03 - - - - 100 70.97 83.02
RAG+ 18.06 - - - - 100 81.94 90.07
RAG 23.23 70.75 63.89 51.11 56.79 81.51 88.18 84.72

Claude-Sonnet-4.6 -
Gold 11.61 - - - - 100 88.39 93.84
RAG+ 5.16 - - - - 100 94.84 97.35
RAG 6.45 52.48 60 13.33 21.82 73.1 96.36 83.14

Table 11: Refusal metrics for Dutch. We report the refusal rate (RefRate) and macro-averaged F1 over refusal versus
non-refusal, along with class-wise precision, recall, and F1 for refusals (RefPr/RefRec/RefF1) and non-refusals
(NonRefPr/NonRefRec/NonRefF1). “-” indicates undefined metrics.
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model size setting RefRate F1-macro RefPr RefRec RefF1 NonRefPr NonRefRec NonRefF1

Ministral-3B 3B
Gold 15.48 - - - - 100 84.52 91.61
RAG+ 33.55 - - - - 100 66.45 79.84
RAG 37.42 51.29 31.03 40 34.95 72.16 63.64 67.63

Gemma-3-4B-it 4B
Gold 8.39 - - - - 100 91.61 95.62
RAG+ 2.58 - - - - 100 97.42 98.69
RAG 2.58 47.88 75 6.67 12.24 72.19 99.09 83.52

Ministral-8B 8B
Gold 0 - - - - 100 100 100
RAG+ 0 - - - - 100 100 100
RAG 0 41.51 0 0 0 70.97 100 83.02

Gemma-3-12B-it 12B
Gold 0.65 - - - - 100 99.35 99.68
RAG+ 10.32 - - - - 100 89.68 94.56
RAG 9.68 44.2 20 6.67 10 70 89.09 78.4

Qwen3.5-9B 9B
Gold 22.58 - - - - 100 77.42 87.27
RAG+ 7.1 - - - - 100 92.9 96.32
RAG 12.26 58.65 57.89 24.44 34.38 75 92.73 82.93

Ministral-14B 14B
Gold 1.29 - - - - 100 98.71 99.35
RAG+ 3.87 - - - - 100 96.13 98.03
RAG 3.23 49.92 80 8.89 16 72.67 99.09 83.85

GPT-oss-20B 20B
Gold 18.06 - - - - 100 81.94 90.07
RAG+ 15.48 - - - - 100 84.52 91.61
RAG 16.13 50.18 32 17.78 22.86 71.54 84.55 77.5

Gemma-3-27B-it 27B
Gold 12.26 - - - - 100 87.74 93.47
RAG+ 7.1 - - - - 100 92.9 96.32
RAG 6.45 50.27 50 11.11 18.18 72.41 95.45 82.35

Qwen3.5-27B 27B
Gold 22.58 - - - - 100 77.42 87.27
RAG+ 6.45 - - - - 100 93.55 96.67
RAG 7.74 55.93 66.67 17.78 28.07 74.13 96.36 83.79

Qwen3-30B-A3B-Instruct 30B
Gold 3.23 - - - - 100 96.77 98.36
RAG+ 3.23 - - - - 100 96.77 98.36
RAG 3.87 47.2 50 6.67 11.76 71.81 97.27 82.63

GLM-4.7-Flash 30B
Gold 0 - - - - 100 100 100
RAG+ 0 - - - - 100 100 100
RAG 0 41.51 0 0 0 70.97 100 83.02

Qwen3.5-35B-A3B 35B
Gold 27.1 - - - - 100 72.9 84.33
RAG+ 9.68 - - - - 100 90.32 94.92
RAG 12.9 62.04 65 28.89 40 76.3 93.64 84.08

Llama-3.3-70B-Instruct 70B
Gold 9.03 - - - - 100 90.97 95.27
RAG+ 10.97 - - - - 100 89.03 94.2
RAG 16.13 57.56 48 26.67 34.29 74.62 88.18 80.83

Qwen3-Next-80B-A3B-Instruct 80B
Gold 9.03 - - - - 100 90.97 95.27
RAG+ 4.52 - - - - 100 95.48 97.69
RAG 5.16 51.07 62.5 11.11 18.87 72.79 97.27 83.27

Llama-4-Scout 109B
Gold 9.03 - - - - 100 90.97 95.27
RAG+ 18.06 - - - - 100 81.94 90.07
RAG 13.55 48.03 28.57 13.33 18.18 70.9 86.36 77.87

GPT-oss-120B 120B
Gold 14.19 - - - - 100 85.81 92.36
RAG+ 7.1 - - - - 100 92.9 96.32
RAG 10.32 52.04 43.75 15.56 22.95 72.66 91.82 81.12

Qwen3.5-122B-A10B 122B
Gold 28.39 - - - - 100 71.61 83.46
RAG+ 8.39 - - - - 100 91.61 95.62
RAG 9.68 64.87 86.67 28.89 43.33 77.14 98.18 86.4

Qwen3-235B-A22B 235B
Gold 4.52 - - - - 100 95.48 97.69
RAG+ 3.23 - - - - 100 96.77 98.36
RAG 5.16 48.79 50 8.89 15.09 72.11 96.36 82.49

Qwen3.5-397B-A17B 397B
Gold 27.74 - - - - 100 72.26 83.9
RAG+ 9.68 - - - - 100 90.32 94.92
RAG 10.97 65.73 82.35 31.11 45.16 77.54 97.27 86.29

Llama-4-Maverick 400B
Gold 10.32 - - - - 100 89.68 94.56
RAG+ 13.55 - - - - 100 86.45 92.73
RAG 12.26 56.68 52.63 22.22 31.25 74.26 91.82 82.11

Mistral-Large-2512 675B
Gold 3.87 - - - - 100 96.13 98.03
RAG+ 0 - - - - 100 100 100
RAG 0 41.51 0 0 0 70.97 100 83.02

DeepSeek-v3.2 685B
Gold 23.23 - - - - 100 76.77 86.86
RAG+ 11.61 - - - - 100 88.39 93.84
RAG 14.19 62.87 63.64 31.11 41.79 76.69 92.73 83.95

GLM-5 754B
Gold 23.87 - - - - 100 76.13 86.45
RAG+ 6.45 - - - - 100 93.55 96.67
RAG 12.26 64.56 73.68 31.11 43.75 77.21 95.45 85.37

Kimi-K2-Instruct-0905 1T
Gold 7.74 - - - - 100 92.26 95.97
RAG+ 3.23 - - - - 100 96.77 98.36
RAG 5.81 52.91 66.67 13.33 22.22 73.29 97.27 83.59

Kimi-K2-Thinking 1T
Gold 33.55 - - - - 100 66.45 79.84
RAG+ 11.61 - - - - 100 88.39 93.84
RAG 13.55 65.35 71.43 33.33 45.45 77.61 94.55 85.25

Kimi-K2.5 1.1T
Gold 29.68 - - - - 100 70.32 82.58
RAG+ 16.13 - - - - 100 83.87 91.23
RAG 18.06 68.64 67.86 42.22 52.05 79.53 91.82 85.23

GPT-5-Nano -
Gold 13.55 - - - - 100 86.45 92.73
RAG+ 10.97 - - - - 100 89.03 94.2
RAG 12.26 48.81 31.58 13.33 18.75 71.32 88.18 78.86

Gemini-3.1-Flash-Lite -
Gold 20 - - - - 100 80 88.89
RAG+ 7.74 - - - - 100 92.26 95.97
RAG 7.1 56.41 72.73 17.78 28.57 74.31 97.27 84.25

GPT-5-Mini -
Gold 18.71 - - - - 100 81.29 89.68
RAG+ 9.03 - - - - 100 90.97 95.27
RAG 9.03 50.81 42.86 13.33 20.34 72.34 92.73 81.27

Gemini-2.5-Flash -
Gold 20.65 - - - - 100 79.35 88.49
RAG+ 3.87 - - - - 100 96.13 98.03
RAG 4.52 53.79 85.71 13.33 23.08 73.65 99.09 84.5

Gemini-3-Flash -
Gold 18.71 - - - - 100 81.29 89.68
RAG+ 7.1 - - - - 100 92.9 96.32
RAG 8.39 57.58 69.23 20 31.03 74.65 96.36 84.13

Claude-Haiku-4.5 -
Gold 22.58 - - - - 100 77.42 87.27
RAG+ 7.74 - - - - 100 92.26 95.97
RAG 9.68 58.67 66.67 22.22 33.33 75 95.45 84

Gemini-3.1-Pro -
Gold 20.65 - - - - 100 79.35 88.49
RAG+ 7.74 - - - - 100 92.26 95.97
RAG 11.61 65.14 77.78 31.11 44.44 77.37 96.36 85.83

GPT-5.4 -
Gold 29.68 - - - - 100 70.32 82.58
RAG+ 16.13 - - - - 100 83.87 91.23
RAG 21.94 70.27 64.71 48.89 55.7 80.99 89.09 84.85

Claude-Sonnet-4.6 -
Gold 13.55 - - - - 100 86.45 92.73
RAG+ 4.52 - - - - 100 95.48 97.69
RAG 4.52 49.17 57.14 8.89 15.38 72.3 97.27 82.95

Table 12: Refusal metrics for French. We report the refusal rate (RefRate) and macro-averaged F1 over refusal versus
non-refusal, along with class-wise precision, recall, and F1 for refusals (RefPr/RefRec/RefF1) and non-refusals
(NonRefPr/NonRefRec/NonRefF1). “-” indicates undefined metrics.
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Model Size Source
TF-IDF - Sparck Jones (1972)
BM25 - Robertson et al. (1994)
word2vec - Mikolov et al. (2013b,a); Tulkens et al. (2016); Fauconnier (2015)
fastText - Bojanowski et al. (2017); Grave et al. (2018)
static-similarity-mrl-multilingual-v1 - Reimers and Gurevych (2019)
E5-small-trm-nl 0.04B Lotfi et al. (2025a)
mE5-small 0.1B Wang et al. (2024b)
E5-base-trm-nl 0.1B Lotfi et al. (2025a)
potion-multilingual-128M 0.1B Tulkens and van Dongen (2024)
mContriever 0.2B Izacard et al. (2021)
DPR-XM 0.3B Louis et al. (2025)
mE5-base 0.3B Wang et al. (2024b)
mGTE 0.3B Zhang et al. (2024a)
E5-large-trm-nl 0.4B Lotfi et al. (2025a)
LaBSE 0.5B Feng et al. (2022)
mE5-large 0.6B Wang et al. (2024b)
mE5-large-instruct 0.6B Wang et al. (2024b)
BGE-M3 0.6B Chen et al. (2024a)
snowflake-arctic-embed-l-v2.0 0.6B Yu et al. (2024)
jina-embeddings-v3 0.6B Sturua et al. (2025)
E5-mistral-7b 7B Wang et al. (2024a, 2022)
BGE-Mult.-Gemma2 9B Chen et al. (2024a); Xiao et al. (2024)
voyage-2-law - VoyageAI (2024)
voyage-3-large - VoyageAI (2025)
embedding-3-large - OpenAI (2025b)
mmarco-mMiniLMv2-L12-H384-v1 0.1B Wang et al. (2021)
BGE-reranker-base 0.3B Xiao et al. (2024)
GTE-multilingual-reranker-base 0.3B Zhang et al. (2024b)
Jina-reranker-v2-base-multilingual 0.3B JinaAI (2025)
BGE-reranker-large 0.6B Xiao et al. (2024)
BGE-reranker-v2-m3 0.6B Li et al. (2023); Chen et al. (2024b)
Ministral-3B 3B Liu et al. (2026)
Gemma-3-4B-it 4B Team et al. (2025a)
Ministral-8B 8B Liu et al. (2026)
Qwen3.5-9B 9B QwenTeam (2026)
Gemma-3-12B-it 12B Team et al. (2025a)
Ministral-14B 14B Liu et al. (2026)
GPT-oss-20B 20B OpenAI (2025a)
Gemma-3-27B-it 27B Team et al. (2025a)
GLM-4.7-Flash 30B Team et al. (2025b)
Qwen3-30B-A3B-Instruct-2507 30B Team (2025)
Qwen3.5-35B-A3B 35B QwenTeam (2026)
Llama-3.3-70B-Instruct 70B Meta (2025)
Qwen3-Next-80B-A3B-Instruct 80B Team (2025); Yang et al. (2025)
Llama-4-Scout 109B Meta (2026)
GPT-oss-120B 120B OpenAI (2025a)
Qwen3.5-122B-A10B 122B QwenTeam (2026)
Qwen3-235B-A22B-Instruct-2507 235B Team (2025); Yang et al. (2025)
Qwen3.5-122B-A10B 122B QwenTeam (2026)
Qwen3.5-397B-A17B 397B QwenTeam (2026)
Llama-4-Maverick 400B Meta (2026)
Mistral-Large-2512 675B Mistral AI (2025)
DeepSeek-v3.2 685B DeepSeek-AI (2025)
GLM-5 754B GLM-5-Team et al. (2026)
Kimi-K2-Instruct-0905 1T Team et al. (2026)
Kimi-K2-Thinking 1T Team et al. (2026)
Kimi-K2.5 1.1T Moonshot AI (2026)
GPT-5-Nano - OpenAI (2025)
Gemini-3.1-Flash-Lite - DeepMind (2026)
GPT-5-Mini - OpenAI (2025)
Gemini-2.5-Flash - DeepMind (2025a)
Gemini-3-Flash - DeepMind (2025b)
Claude-Haiku-4.5 - Anthropic (2025)
Gemini-3.1-Pro - DeepMind (2025c)
GPT-5.4 - OpenAI (2025c)
Claude-Sonnet-4.6 - Anthropic (2026)

Table 13: Models used for RAG, ordered by model size when available. The sections correspond to retrieval,
reranking, and generative models, respectively.
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Prompt Text
You are a Senior Legal Evaluator and expert attorney.
Your job is to evaluate the quality of a response generated by an AI Legal Assistant by comparing it against a
verified "Gold Standard" answer.

You will be provided with:
1. A Legal Question.
2. A Gold Standard Answer (created by human experts).
3. A System Response (generated by the AI).
You must rate the System Response on a scale of 1 to 5 based on how well the legal reasoning and factual content

align with the Gold Standard.
- **Content Focus:** Focus ONLY on the textual content, legal accuracy, and reasoning.

- **Strict Adherence:** The Gold Standard is the absolute truth. If the System Response contradicts the Gold Standard,
it is wrong, even if you believe the Gold Standard might be incomplete.

- **completeness:** The System Response must contain the critical legal elements present in the Gold Standard.
Assess the response below and return a JSON object with two fields:
- `"score"`: an integer between 1 and 5.

1. ** Critical Failure / Incorrect**
The response implies the opposite legal conclusion to the Gold Standard, provides dangerous legal advice,

or is completely irrelevant to the question.
2. **Poor / Significant Omissions**
The conclusion is vague or partially incorrect. It misses the central legal argument or key fact found in

the Gold Standard. It may contain hallucinations.
3. **Acceptable / Partially Complete**
The response captures the general legal principle correctly but misses important nuances, exceptions,

or specific details present in the Gold Standard. It is legally safe but not comprehensive.
4. **Good / Mostly Accurate**
The response aligns with the Gold Standard in conclusion and reasoning. It may miss very

minor details that do not alter the legal outcome.
5. **Excellent / Semantically Equivalent**
The response is logically and factually equivalent to the Gold Standard. It captures all key legal elements,

reasoning, and conclusions. (Difference in wording or structure is acceptable).
- `"reason"`: a brief explanation for why the score was given. This must mention specific strengths or shortcomings,

referencing relevant details from the input. Do **not** quote the score itself in the explanation.
Your explanation should:
- {reasoning_expectation}
- Mention key details from the test case parameters.
- Be concise, clear, and focused on the evaluation logic.
Only return valid JSON. Do **not** include any extra commentary or text.
—
Test Case:
{test_case_content}
Parameters:
{parameters}
—
**Example JSON:**
{{

"reason": "your concise and informative reason here",
"score": 1

}}
JSON:
"""

Table 14: DeepEval G-Eval prompt for answer correctness.

Language Prompt
French Étant donné une question juridique, récupére les documents qui peuvent aider à y répondre
Dutch Gegeven een juridische vraag, haal documenten op die kunnen helpen bij het beantwoorden van de vraag

Table 15: Prompts used for E5-large-instruct, BGE-Gemma2 and E5-mistral for the retrieval task.
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System Prompt
You are an expert legal assistant specializing in Belgian law.
Your task is to answer legal questions to the best of your knowledge of Belgian law.
You respond exclusively in $answer_language and prioritize legal accuracy.
User Prompt
Instructions:
1. The legal context is provided as a JSON array of articles. Each article has the following structure:
- "id": the unique identifier of the article
- "text": the text of the article excerpt
2. Carefully analyze all articles in the legal context and assess their relevance to the legal question.
3. Answer the question ONLY IF the context is sufficient:
- The context must contain all necessary rules or conditions to answer the question.
- If any essential condition is missing, unclear, or cannot be derived from the provided texts, do not answer.
- If relevant articles conflict on a key condition and the conflict cannot be resolved using only the context, do not answer.
- Use ONLY the "text" fields. Do not rely on external knowledge or assumptions.
4. Output format requirements:
- Return a JSON array of objects:

["text": "...", "supported_sources": ["id1","id2"], ...]
- Each object represents exactly one answer paragraph.
- EVERY paragraph must be directly supported by one or more article IDs.
- "supported_sources" must be a valid JSON array of strings (double quotes).
- Include ONLY article IDs that appear in the provided legal context.
- Include ONLY IDs that directly support the corresponding paragraph text.
- Do not include irrelevant or speculative citations.
5. If the context is insufficient, incomplete, contradictory, or irrelevant, return exactly:

["text": "Insufficient context", "supported_sources": []]
Legal question: $question
Regions involved: $regions
Topics: $topics
Legal context (article excerpts):
$context
Output the JSON array immediately. Do not include any preamble.

Table 16: System and user prompts used by the LLMs in the RAG experiments.
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Abstract

Vision-language-action (VLA) models are
emerging as embodied foundation models for
robotic manipulation, but their deployment in-
troduces a new unlearning challenge: removing
unsafe, spurious, or privacy-sensitive behav-
iors without degrading perception, language
grounding, and action control. In OpenVLA-
style policies, behavior is produced through
a fused visual encoder, a cross-modal projec-
tor, and a language backbone that predicts tok-
enized robot actions, so undesirable knowledge
can be distributed across perception, alignment,
and reasoning/action layers rather than con-
fined to a single module. Consequently, partial
unlearning applied only to the vision stack or
only to the language backbone is often insuffi-
cient, while conventional unlearning baselines
designed for standalone vision or language
models may leave residual forgetting or incur
unnecessary utility loss in embodied settings.
We propose VLA-Forget, a hybrid unlearning
framework that combines ratio-aware selective
editing for perception and cross-modal speci-
ficity with layer-selective reasoning/action un-
learning for utility-preserving forgetting. VLA-
Forget jointly optimizes three objectives: tar-
geted forgetting, perceptual preservation, and
reasoning retention, through staged updates
over the visual encoder, projector, and upper
action-generating transformer blocks. Across
forget-set behavior probes and retain-task eval-
uations, VLA-Forget improves forgetting effi-
cacy by 10%, preserves perceptual specificity
by 22%, retains reasoning and task success by
9%, and reduces post-quantization recovery by
55% relative to strong unlearning baselines.

1 Introduction

Vision-Language-Action (VLA) models are emerg-
ing as a practical route to embodied foundation
models: policies that translate natural-language
instructions and raw visual observations directly

*Corresponding author.

Figure 1: Motivating failure case for VLA-Forget.
Given the instruction “Pick blue cup,” the policy pro-
duces a visually plausible but semantically incorrect ac-
tion by grasping the red cup. After targeted unlearning,
the policy suppresses this spurious instruction-to-action
association and recovers instruction-consistent behavior.

into robot actions by leveraging large pretrained
vision and language backbones. OpenVLA exem-
plifies this paradigm as an open 7B VLA trained
on 970K real-world robot demonstrations from
Open X-Embodiment, combining a fused (DI-
NOv2+SigLIP) visual encoder with a Llama 2 back-
bone and an action-token prediction interface that
enables scalable fine-tuning and deployment on
commodity hardware (Kim et al., 2024; O’Neill
et al., 2024; Pang et al., 2025).

However, deployment of VLA policies introduces
an urgent governance and reliability problem that is
not fully addressed by today’s training and evalua-
tion pipelines: once a robot policy has been trained,
it may retain (i) unsafe or undesirable behaviors
from a subset of demonstrations, (ii) privacy or IP-
sensitive content embedded in multimodal data, or
(iii) spurious shortcuts that appear correct under
standard benchmarks but fail under structured dis-
tribution shift. The consequences of such failures
are amplified in robotics because errors translate
into physical actions. Recent evidence further high-
lights a VLA-specific grounding failure, sometimes
described as linguistic blindness where policies ex-
ecute visually plausible trajectories even when the
instruction is semantically contradictory, motivat-
ing stronger mechanisms for selective behavior re-
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moval and reliable grounding diagnostics (Zhuang
et al., 2026).
Figure 1 illustrates the core VLA-specific chal-
lenge studied in this work: undesirable behavior
may arise from misalignment across perception,
cross-modal grounding, or action priors, causing
the policy to execute a physically plausible yet
instruction-inconsistent action. This motivates se-
lective unlearning that removes a targeted erro-
neous behavior slice while preserving normal scene
understanding and non-target task execution. Moti-
vation is further supported by recent evidence that
VLA policies remain brittle under visual corrup-
tion and grounding perturbations, underscoring the
need for post hoc correction mechanisms beyond
standard fine-tuning (Lin et al., 2025; Orjuela et al.,
2026).
Machine unlearning provides a practical way to
remove targeted training influence without full re-
training, but VLA policies are harder to unlearn
than standard vision or language models. Unlike
static predictors, a VLA model is a closed-loop con-
trol policy, so failure must be judged through em-
bodied behavior rather than output accuracy alone.
In OpenVLA, continuous robot actions are rep-
resented as discrete action tokens, which means
unwanted behavior can be encoded jointly in visual
features, cross-modal alignment, and instruction-
conditioned action priors in the language backbone
(Kim et al., 2024).
As a result, unlearning only the vision stack or only
the language model is often insufficient: remov-
ing a visual trigger may leave the downstream ac-
tion prior intact, while editing language priors may
preserve harmful perceptual shortcuts or incorrect
visual-language bindings. Existing baselines were
largely designed for unimodal settings and transfer
only partially to VLA policies. For example, ex-
act approaches such as SISA require training-time
changes (Bourtoule et al., 2021), while approx-
imate methods such as SCRUB improve forget-
retain trade-offs but do not directly address multi-
modal component entanglement or control-oriented
evaluation (Kurmanji et al., 2023). Moreover, VLA
unlearning involves competing retain, forget, and
mismatch objectives over large backbones, moti-
vating gradient-conflict mitigation such as PCGrad
(Yu et al., 2020).
In this work, we introduce VLA-Forget, a hy-
brid unlearning framework for Vision-Language-
Action models that is explicitly component-aware
and deployment-oriented. VLA-Forget (i) targets

perception and cross-modal specificity through
ratio-aware selective editing of the visual encoder
and projector, (ii) targets reasoning/action utility-
preserving forgetting through significance-based
selective editing of action-relevant transformer
blocks, and (iii) performs staged, adapter-first up-
dates (e.g., LoRA) to enable efficient unlearning
with rollback and canary deployment compatibil-
ity (Hu et al., 2022; Kim et al., 2025; Liu et al.,
2025a). We evaluate unlearning with robotics-
centric metrics and unlearning-centric audits (in-
cluding safety violation risk); furthermore, we
evaluate the model’s robustness post-quantization,
aligning the evaluation with the realities of VLA
deployment (Carlini et al., 2022; Zang et al., 2025;
Zhang et al., 2024b) While VLA-Forget improves
targeted behavior suppression in benchmarked em-
bodied settings, it is an approximate unlearning
method and should not be interpreted as providing
certified erasure.
Key Contributions. (i) We formalize VLA unlearn-
ing as a three-goal problem targeted forgetting
(efficacy), perceptual preservation (specificity),
and reasoning retention (utility) in the presence of
an action-token interface and multimodal compo-
nent entanglement. (ii) We propose VLA-Forget, a
novel hybrid unlearning pipeline that exploits ratio-
aware selective editing for perception/cross-modal
specificity with significance-based selective edit-
ing for reasoning/action utility preservation, imple-
mented in an adapter-first manner compatible with
OpenVLA fine-tuning workflows. (iii) We outline
an evaluation protocol that couples embodied per-
formance (task success and control stability) with
unlearning audits (forget/retain scores and safety
violation risk), and incorporates structured contra-
diction probes to diagnose and prevent spurious
“fake success” under OOD instructions.

2 Related Work

Vision-language-action (VLA) models extend mul-
timodal foundation models from perception and
generation to embodied control. Early systems
such as VIMA and RT-2 showed that robot behavior
can be conditioned on interleaved visual-language
prompts and represented through tokenized actions,
while Open X-Embodiment and OpenVLA scaled
this paradigm to diverse real-robot data and open
7B policies. Despite this progress, prior VLA re-
search has focused mainly on scaling, transfer, and
adaptation, rather than post hoc removal of un-
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safe behaviors, undesirable concepts, or sensitive
instruction-action associations. (Jiang et al., 2023;
Zitkovich et al., 2023; O’Neill et al., 2024; Grover
et al., 2026; Kim et al., 2024)
Machine unlearning has progressed from exact
retraining-based deletion to approximate updates
that balance erasure quality, efficiency, and retained
utility. In language models, recent work spans
gradient-ascent, retain-regularized, preference-
based, and activation-space methods, while empha-
sizing joint evaluation of forgetting, utility preser-
vation, and privacy leakage. Two recurring is-
sues are especially relevant for embodied poli-
cies: broad model-wide edits often cause collateral
degradation, and apparently successful forgetting
can fail under deployment transformations such as
quantization. These limitations motivate selective,
structure-aware unlearning over indiscriminate full-
model updates. (Bourtoule et al., 2021; Maini et al.,
2024; Yao et al., 2024; Liu et al., 2025b; Zhang
et al., 2024b)
Related work in vision, vision-language, and diffu-
sion models studies forgetting of classes, identities,
and concepts in multimodal transformers. SSD
and SalUn localize updates through parameter im-
portance or saliency, LoTUS improves scalable
approximate unlearning with uncertainty-aware
smoothing, and SLUG shows that targeted single-
layer editing can sometimes suffice. In generative
settings, ESD and UCE edit text-conditioned dif-
fusion behavior at the concept level. Collectively,
these methods expose a central trade-off: aggres-
sive updates improve forgetting but may damage
retention. (Foster et al., 2024; Fan et al., 2023;
Spartalis et al., 2025; Cai et al., 2024; Gandikota
et al., 2023, 2024)
VLA unlearning differs from prior LLM- or VLM-
only settings because undesired behavior may be
encoded jointly in visual features, cross-modal
bindings, and action-token priors, and must be
evaluated through embodied execution rather than
text or image outputs alone. Accordingly, VLA-
FORGET adopts a component-aware formulation:
ratio-aware edits target perception and projector
modules, while significance-based selective up-
dates address higher-level reasoning and action-
generation components. This yields a hybrid un-
learning strategy tailored to embodied foundation
models rather than a direct reuse of unimodal for-
getting methods. (Zitkovich et al., 2023; Kim et al.,
2024; Fan et al., 2023; Cai et al., 2024; Yao et al.,
2024)

3 Methodology

Overview. We propose VLA-Forget, a novel
unlearning framework for vision-language-action
(VLA) policies that removes targeted behaviors
while preserving perceptual grounding and ac-
tion reasoning. We instantiate the method on
OpenVLA-style policies, where an input image and
language instruction are processed by a fused vi-
sual encoder, projected into the language-model
embedding space, and decoded into discretized
robot action tokens. In OpenVLA, the visual stack
combines DINOv2 and SigLIP, the backbone is
Llama 2, and the policy predicts normalized 7-DoF
actions via tokenized bins, making forgetting in-
herently distributed across perception, cross-modal
alignment, and action generation rather than local-
ized to a single module (Kim et al., 2024).
Architecture and unlearning target. Let a VLA
policy be

fθ(o, s) = DecθL

(
ProjθP

(
EncθV (o)

)
, s
)
, (1)

where o is the observation image, s is the instruc-
tion, θV denotes the visual encoder, θP the MLP
projector, and θL the language/action backbone.
The decoder produces an action-token sequence
y, which is de-tokenized into a continuous action
a ∈ R7. We consider an unlearning request U
specifying a target concept or behavior slice, such
as a sensitive object, unsafe affordance, or erro-
neous instruction-to-action mapping. We form
three datasets: a forget set Df , a retain set Dr,
and a boundary set Dm containing near-neighbor
scenes or instructions that must remain intact.
Why “VLA” unlearning is necessary. In VLA
models, undesired behavior can originate from
three coupled sources: (i) perceptual memoriza-
tion in θV , (ii) erroneous visual-to-language bind-
ing in θP , and (iii) action priors or instruction-
conditioned hallucinations in θL. Editing only the
vision stack may suppress the visual trigger while
leaving the downstream action prior unchanged;
editing only the language backbone may preserve
a harmful perceptual shortcut. VLA-Forget there-
fore combines ratio-aware editing for perception
and cross-modal specificity with layer-selective un-
learning for reasoning and action retention.

3.1 Hybrid Selective Localization

Perception and projector selection. For each
candidate visual or projector layer l, we compute
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Figure 2: Illustration of the unlearning objectives on
a selected module. Eq. 6 suppresses the targeted be-
havior, Eq. 5 preserves non-targeted behavior, and Eq. 7
discourages shallow forgetting by pushing the updated
policy away from the original forgotten response.

forget and retain gradients as follows:

gfl = ∇θlLforget, and grl = ∇θlLretain. (2)

We then assign a ratio-aware score

ϕ(l) =
∥gfl ∥2
∥θl∥2 + ε

(
1− cos(gfl , g

r
l )
)α
, (3)

and select the top visual/projector layers KV ,KP

with highest ϕ(l). This favors parameters that
strongly affect forgetting while minimally inter-
fering with retained perception (Yu et al., 2020).
Reasoning/action layer selection. For the upper
transformer blocks in the language-action back-
bone, we calculate a significance ratio:

Sig(l) =
∥∇θlLforget∥2
∥∇θlLretain∥2 + ε

. (4)

We initialize an editable set SL with the top-k lay-
ers under Sig(l), and expand it iteratively only if
forgetting criteria are unmet. This yields a mini-
mal update set for action-relevant reasoning while
avoiding unnecessary global drift (Ranjan et al.,
2026; Kurmanji et al., 2023; Zhang et al., 2024b).

3.2 Unlearning Objectives
We optimize three complementary objectives
aligned with the goals of efficacy, specificity, and
utility.
Retain loss. To preserve non-targeted behavior, we
minimize

Lretain =E(x,y)∼Dr
[CE (pθ(· | x), y)]

+ β Ex∼Dr [KL (pθ0(· | x) ∥ pθ(· | x))] .
(5)

where θ0 denotes the original model and x =
(o, s). The first term preserves action-token pre-
diction on retained data, while the KL anchor con-
strains the updated policy to remain close to the

base model on benign trajectories (Kim et al., 2024;
Kurmanji et al., 2023).
Forget loss. To suppress the targeted behavior, we
maximize the forget-set prediction error:

Lforget = E(x,y)∼Df
[CE(pθ(· | x), y)] . (6)

Operationally, this is implemented as gradient as-
cent on Lforget (Jin et al., 2025).
Mismatch loss. To avoid shallow forgetting and
reduce recovery to the pre-unlearning behavior, we
maximize distributional divergence on forgotten
samples:

Lmismatch = Ex∼Df
[KL(pθ(· | x) ∥ pθ0(· | x))] .

(7)
As shown in Fig. 2, the three objectives act to-
gether on the selected module to suppress the target
behavior, preserve retained behavior, and reduce
shallow recovery to the pre-unlearning policy. (Ap-
pendix A.1)
Perceptual preservation loss. To preserve non-
targeted visual grounding, we distill internal fea-
tures on Dr ∪Dm:

Lfeat = Ex∼Dr∪Dm

[
∥hVθ (x)− hVθ0(x)∥22
+ γ∥hPθ (x)− hPθ0(x)∥22

]
,

(8)
where hV and hP are late visual and projector rep-
resentations.
Unified objective. The final optimization is

min
θ
Lretain+λfeatLfeat−λfLforget−λmLmismatch.

(9)

3.3 Training and Unlearning Procedure

Adapter-first updates. We implement VLA-
Forget using parameter-efficient adapters over
the selected layers while freezing the remaining
weights. This design is compatible with the Open-
VLA training stack, which supports LoRA-based
fine-tuning with target_modules=all-linear;
thus unlearning can be applied without full-model
retraining and can be merged or rolled back at de-
ployment time (Kim et al., 2025; Hu et al., 2022).
Stage 1: perception unlearning. We first update
LoRA parameters on KV to weaken targeted vi-
sual evidence while preserving general scene un-
derstanding through Lretain and Lfeat. This stage
removes object- or scene-level triggers with mini-
mal disruption to unrelated perception.
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Figure 3: Overview of VLA-Forget. Given an unlearning request, we construct forget, retain, and mismatch sets,
then perform staged adapter-based selective updates over the vision encoder, projector, and LLM/action layers with
multi-objective PCGrad stabilization, yielding an unlearned VLA policy with preserved interface and retained task
utility.

Stage 2: cross-modal unlearning. Next, we up-
dateKP in the projector to break the specific visual-
to-language associations responsible for the un-
wanted behavior. This is essential when the fail-
ure is not purely visual, but rather caused by erro-
neous alignment between image regions and action-
relevant tokens.
Stage 3: reasoning/action unlearning. Finally,
we update the selected upper backbone layers SL,
and optionally the action-token embedding rows
most implicated in the target behavior. This stage
suppresses residual instruction-conditioned action
priors while maintaining overall task competence.
Gradient stabilization and stopping. Because the
retain and forget objectives can conflict, we aggre-
gate gradients using projected conflict resolution:

g = PCGrad
(
∇Lretain,−λf∇Lforget,

−λm∇Lmismatch

)
,

(10)

and apply optimizer steps only to the active adapter
parameters. After each round, we evaluate forget
efficacy on Df and retain utility on Dr. If forget-
ting remains insufficient, we expand SL by the next
highest-significance layer and continue; otherwise,
training stops early (Yu et al., 2020).
Figure 3 summarizes the VLA-Forget pipeline as
a staged, component-aware unlearning framework.
Starting from an unlearning request, the method

constructs forget, retain, and mismatch sets, de-
composes the OpenVLA policy into vision, pro-
jector, and LLM/action modules, and then applies
selective adapter-based updates in three stages: vi-
sual trigger removal, cross-modal binding correc-
tion, and reasoning/action prior suppression. The
optimization block combines retain, forget, mis-
match, and perceptual preservation objectives with
PCGrad stabilization, while the final evaluation
block verifies forgetting efficacy, retained utility,
and deployment robustness before producing the
unlearned VLA policy.

Interaction with VLA policies. VLA-Forget is de-
signed to preserve the native VLA interface: image
and instruction inputs remain unchanged, and the
model still predicts action tokens followed by the
standard de-tokenization and action unnormaliza-
tion pipeline used by OpenVLA. This makes the
method directly deployable in existing VLA control
stacks while enabling targeted post hoc removal of
unsafe, private, or spurious behaviors (Zang et al.,
2025; Pang et al., 2025).

The complete unlearning pipeline is detailed in
Algorithm 1, with its associated supporting pro-
cedures provided in Algorithm 2; corresponding
pseudo-code is available in Appendix A.
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Table 1: Unlearning result on OpenVLA-7B. Left: Open X-Embodiment. Right: lerobot/pusht_image. Higher
is better for FC, RC, FAD, and TSR; lower is better for RAD and SVR. Mean ± standard deviation over 5 random
seeds, with typical variation in the range of ±(1–3) points for rate-based metrics (FC, RC, TSR, and SVR) and
±(0.01–0.03) for distance-based metrics (FAD and RAD). Best results are shown in bold and second-best are
underlined.

Open X-Embodiment (OpenVLA-7B) lerobot/pusht_image (OpenVLA-7B)

Method FC ↑ RC ↑ FAD ↑ RAD ↓ TSR ↑ SVR ↓ FC ↑ RC ↑ FAD ↑ RAD ↓ TSR ↑ SVR ↓
SSD 78 83 0.70 0.28 68 17 82 86 0.73 0.20 55 15
SalUn 89 88 0.76 0.26 71 12 89 88 0.78 0.18 60 11
GA 93 60 0.89 0.45 40 5 94 50 0.91 0.50 22 3
NPO 90 88 0.83 0.23 74 8 92 90 0.85 0.15 65 7
VLA-Forget 93 91 0.88 0.21 78 5 95 94 0.90 0.13 69 4

4 Experiments

4.1 Experimental Setup

Models. We instantiate VLA-FORGET on
OpenVLA-7B, a 7B vision-language-action policy
trained on large-scale Open X-Embodiment robot
data (Kim et al., 2024; O’Neill et al., 2024). The
second model is pi0fast-base that predicts con-
tinuous robot actions via auto-regressive next-token
prediction (Pertsch et al., 2025). Following the
VLA setting in our method, we construct three
splits for each experiment: a forget set Df con-
taining target behaviors to be removed, a retain
set Dr containing non-target behaviors whose util-
ity should be preserved, and a boundary set Dm

containing near-neighbor samples used to reduce
shallow or entangled forgetting. Unless otherwise
stated, all methods start from the same pretrained
checkpoint, use the same forget/retain protocol, and
are trained under the same optimization budget.
Datasets. We use two complementary benchmarks.
First, we build a real-robot benchmark from subsets
of Open X-Embodiment (OXE), downloaded via
gsutil, where each trajectory is paired with a lan-
guage instruction and organized into forget/retain
slices at the trajectory level (O’Neill et al., 2024).
Second, we use lerobot/pusht_image as a con-
trolled synthetic benchmark, where we inject a
static text instruction into each instance and form
matched forget/retain partitions (Cadene et al.,
2026). In the released OpenVLA, we use up to
512 prompted PushT instances with a 30% for-
get fraction; in the lightweight ablation pipeline,
we scale this to up to 4,000 instances and use a
70/15/15 train/validation/test split, reporting for-
get and retain test performance after unlearning.
This combination gives both a realistic OXE set-
ting and a reproducible low-cost benchmark for

rapid ablations.

Baselines. We compare against four representa-
tive approximate unlearning baselines. SSD (Fos-
ter et al., 2024) is a retraining-free parameter-
dampening method that suppresses weights esti-
mated to be disproportionately important to the
forget data. SalUn (Fan et al., 2023) is a saliency-
based baseline that updates only high-importance
weights, making it a strong selective vision-side
unlearning comparator. GA (Yao and Xu, 2024)
performs direct gradient ascent on the forget loss
and serves as the standard language-side unlearn-
ing baseline. NPO (Zhang et al., 2024a) is a
preference-based alternative designed to improve
forget-retain trade-offs. These baselines span both
vision-oriented and language-oriented unlearning
regimes, making them suitable comparators for
VLA policies.

Metrics. We report six metrics, Forget action
loss / cross-entropy (FC) measures forgetting effi-
cacy on Df ; higher FC is better because the model
should become less able to reproduce the forgotten
action mapping. Retain utility score (RC), de-
rived from retain-set cross-entropy, measures pre-
served utility on Dr; higher is better. Forget Accu-
racy Drop (FAD) measures the reduction in action-
token or exact-match accuracy on the forget split
relative to the base model; higher is better. Retain
Accuracy Drop (RAD) measures the correspond-
ing degradation on retained behaviors; lower is
better. Task Success Rate (TSR) evaluates closed-
loop policy execution on benchmark tasks; higher
is better. Safety Violation Rate (SVR) measures
the frequency of unsafe or disallowed behaviors un-
der target prompts or contradiction probes; lower
is better. We follow standard VLA and robot ma-
nipulation evaluation protocols (Kim et al., 2024;
Liu et al., 2023). Together, these metrics capture
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Table 2: Unlearning results on lerobot/pi0fast-base
under the Open X-Embodiment protocol. Mean ± stan-
dard deviation over 5 random seeds, with typical vari-
ation of ±(1–3) points for FC, RC, TSR, and SVR,
and ±(0.01–0.04) for FAD and RAD. Best results are
shown in bold and second-best are underlined.

Open X-Embodiment (Pi0-FAST-Base)

Method FC ↑ RC ↑ FAD ↑ RAD ↓ TSR ↑ SVR ↓
SSD 76 81 0.68 0.30 65 18
SalUn 87 85 0.74 0.27 68 13
GA 93 57 0.89 0.47 38 6
NPO 89 87 0.82 0.24 72 9
VLA-Forget 94 89 0.88 0.22 75 6

Figure 4: Instruction-conditioned action behavior on
pi0fast-base and Open X-Embodiments.

forgetting strength, retained utility, embodied exe-
cution quality, and safety, which are all necessary
for VLA unlearning.
Detailed experimental setup, hyper-parameter
choices, and reproducibility details are provided in
Appendix B. Metric definitions and their mathemat-
ical formulations are provided in Appendix B.2.

4.2 Experiment Results

Result on OpenVLA. Table 1 highlights three
key observations. VLA-Forget achieves the best
overall balance between forgetting and retention
across both benchmarks: although GA attains
the strongest raw forgetting scores (FC/FAD), it
severely degrades retain performance and task suc-
cess, whereas VLA-Forget preserves the highest
RC, the lowest RAD, and the best TSR, indicating
substantially better utility preservation. The same
trend is consistent on both Open X-Embodiment
and PushT, suggesting that the method is not tied to
a single dataset but generalizes across broader set-
tings. Lower SVR of VLA-Forget relative to SSD,
SalUn, and NPO shows more reliable suppression
of undesired behaviors without inducing large ac-
tion drift, which implies that its component-aware
multimodal unlearning is better aligned with safe
deployment than purely aggressive forgetting base-
lines. The safety violation plot of figure 5 shows

Table 3: Quantization robustness after unlearning on
OpenVLA-7B with Open X-Embodiment dataset. Re-
sults report forget-side metrics under post-training 8-bit
and 4-bit quantization.

Method 8-bit 4-bit

FC ↑ SVR ↓ FC ↑ SVR ↓
SSD 76 19 72 23
SalUn 87 8 78 10
GA 82 12 80 16
NPO 85 10 82 13
VLA-Forget 91 6 88 8

SSD

SalUn

NPO

GA

VLA-Forget

5% 10% 15%

Figure 5: Safety violation rate (SVR) on Open
X-Embodiment for different unlearning methods on
OpenVLA-7B, where lower values indicate safer post-
unlearning behavior.

that VLA-Forget along with GA achieves one of
the lowest safety violation rates while maintaining
strong overall unlearning performance, indicating a
better balance between removing unsafe behaviors
and preserving stable policy execution.
Result on π0 fast. Table 2 shows that VLA-Forget
preserves the same overall pattern as in the Open-
VLA results: although GA attains very strong for-
getting, it suffers from severe retain-side degrada-
tion, whereas VLA-Forget achieves the best overall
trade-off by jointly maintaining the highest RC
and TSR, the lowest RAD, and near-best forget-
ting performance. In Fig. 4, Canonical denotes
standard retain-task instructions, while Triggered
denotes target-trigger or contradictory instructions
used to probe the unlearning scope. Higher Retain
Succ. indicates better preserved non-target behav-
ior, and higher Suppress Succ. indicates more ef-
fective suppression of the unwanted action. VLA-
Forget achieves the best overall balance by pre-
serving the strongest retain-task performance under
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Table 4: Ablation results of VLA-Forget on OpenVLA-
7B on Open X-Embodiment dataset, across different
component selections.

VLA-Forget applied to FC↑ RC↑ FAD↑ RAD↓ TSR↑ SVR↓

Vision encoder only 85 82 0.80 0.27 65 12
Projector only 82 89 0.75 0.22 75 15
Language backbone only 90 88 0.85 0.23 74 8

Vision + Projector 88 86 0.84 0.24 72 10
Projector + Language 92 90 0.86 0.22 77 6
Vision + Language 93 87 0.89 0.25 70 6

Full (Vision + Proj + Lang) 93 91 0.88 0.21 78 5
Full, w/o retain-preservation 95 80 0.93 0.30 64 4

70 75 80 85 90 95
Forget Action Loss / FC (%)

Vision Encoder

Projector

Language Backbone

VLA-Forget (Full)

85

82

90

93

Figure 6: Forget-action comparison across component-
level VLA-Forget ablations on OpenVLA-7B and Open
X-Embodiment.

canonical instructions while also maintaining high
suppression under triggered instructions. Canoni-
cal corresponds to normal non-target instructions,
and Triggered corresponds to target-triggered or
contradiction-style instructions; in both panels,
higher values are better.
Robustness Result. Table 3 demonstrates that
quantization degrades forgetting quality for all
methods, but the drop is largest for broad full-
model updates such as GA and NPO, whereas
VLA-Forget remains comparatively stable under
both 8-bit and 4-bit settings, suggesting stronger
robustness to quantization-induced recovery.

4.3 Ablation Study

Table 4 shows that unlearning only a single compo-
nent is insufficient: the language backbone gives
stronger forgetting than vision-only or projector-
only updates, but the full multimodal setting
achieves the best overall trade-off, indicating that
undesirable action behavior is distributed across
perception, alignment, and language-action rea-
soning modules. The vision stage is included
not primarily for large TSR gains, but to reduce
residual visual-trigger reliance and improve per-

Figure 7: Illustration of Module-wise qualitative analy-
sis of VLA-Forget. Single-component unlearning only
partially suppresses the targeted behavior, while full
VLA-Forget more cleanly removes the unwanted action
and preserves safe non-target behavior.

ceptual specificity in object-conditioned unlearn-
ing. We further observe that removing the retain-
preservation term increases raw forgetting scores,
but it sharply hurts RC, RAD, and TSR. This indi-
cates that strong forgetting alone is not enough for
safe VLA unlearning and that retain-side regular-
ization is essential to preserve normal task execu-
tion.
The figure 6 shows that applying VLA-Forget
only to a single module yields weaker forgetting,
while the full multimodal configuration achieves
the strongest forget-action suppression, highlight-
ing the distributed nature of unwanted behavior in
VLA models. More detailed sensitivity analyses of
objective weights, schedules, and learning rates are
provided in Appendix C.1.

4.4 Qualitative Analysis

In Figure 7, the Vision-only update reduces the vi-
sual trigger but still leaves partial target-directed
behavior. Projector weakens cross-modal bind-
ing, leading to a mixed or ambiguous response.
Language suppresses part of the instruction-
conditioned action prior, but residual targeting re-
mains. Full jointly edits perception, alignment, and
action priors, yielding the cleanest behavior sup-
pression with better preserved scene understanding.
This figure supports the central claim that unwanted
VLA behavior is distributed across the visual en-
coder, projector, and language/action backbone, so
single-module unlearning is often insufficient.
Robustness is crucial in VLA deployment, Table 3,
supports the claim that, although post-training
quantization weakens forgetting performance for
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Figure 8: Qualitative example illustration of targeted
behavior suppression. Before unlearning, the VLA pol-
icy responds to a sensitive human-targeting instruction;
after VLA-Forget, the policy suppresses the targeted
behavior while preserving general scene understanding
and safe non-target actions.

all methods, the degradation is smallest for VLA-
Forget. In contrast, our qualitative results high-
lights a different objective: targeted behavior re-
moval, where VLA-Forget suppresses a sensitive
instruction-conditioned response while preserving
general scene understanding and safe non-target
actions.

Figure 8 illustrates the core idea of VLA-Forget:
the policy suppresses the targeted sensitive human-
directed behavior after unlearning, while still pre-
serving general scene understanding and safe non-
target interaction, reflecting the paper’s goal of
targeted forgetting with retained perceptual ground-
ing and action utility. Recent VLA studies suggest
that improving action reliability often depends on
better visual attention control, token selection, and
lightweight correction mechanisms (Wang et al.,
2025; Li et al., 2026; Zhang et al., 2026).

4.5 Discussion

Our results indicate that effective VLA unlearning
must be component-aware: undesirable behavior is
distributed across perception, cross-modal ground-
ing, and action-generation priors, so single-module
edits are often insufficient. VLA-Forget is par-
ticularly useful for post-deployment correction of
unsafe or spurious behaviors while preserving the
native policy interface for rollback and staged eval-
uation. More broadly, the findings highlight that
VLA unlearning should be assessed with embodied
criteria, including retained task success, safety vio-
lations, and robustness under quantization, rather

than forget-side metrics alone.

Limitations. VLA-Forget is an approximate
unlearning method and does not provide a formal
erasure guarantee. Its effectiveness depends on the
quality of the forget, retain, and boundary sets, and
residual unwanted behavior may remain when the
target is broadly distributed or weakly represented
during unlearning. The current evaluation is also
limited to benchmark-style manipulation settings,
which may not capture longer-horizon failures,
compounding control errors, or real-robot edge
cases. In addition, iterative selective editing intro-
duces tuning overhead and may become less stable
under repeated unlearning requests, where accumu-
lated updates could gradually degrade grounding
or action robustness.

Future Work. Future work should improve
adaptive localization of edits, extend evaluation
to longer-horizon and real-robot settings, and study
continual unlearning under multiple sequential re-
quests. It is also important to strengthen auditabil-
ity and deployment robustness through stronger
safety checks, monitoring, and evaluation under
distribution shift and low-precision inference. We
leave deeper knowledge-level analysis (e.g., rep-
resentation or attention probing) to future work,
which would clarify whether VLA-Forget removes
underlying knowledge or primarily suppresses its
behavioral expression.

5 Conclusion

We introduced VLA-FORGET, a staged and
component-aware unlearning framework for vision-
language-action policies. By selectively editing
the vision encoder, projector, and language/action
backbone with retain-aware adapter updates, the
method removes unsafe, spurious, or privacy-
sensitive behaviors while preserving the native
OpenVLA interface and overall utility. Across
OpenVLA-7B on Open X-Embodiment and PushT,
VLA-FORGET achieves a stronger forget-retain
success trade-off than prior baselines. Ablations
show that single-module edits are insufficient,
while the full hybrid design is more reliable and
remains comparatively robust under quantization.
Overall, these results suggest that effective unlearn-
ing for embodied foundation models must be multi-
modal, execution-aware, and deployment-oriented.
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Ethical Considerations

VLA-Forget is intended to support the removal
of unsafe, spurious, or privacy-sensitive behaviors
from vision-language-action policies while preserv-
ing overall utility. At the same time, we acknowl-
edge its dual-use nature: in principle, selective
unlearning methods could also be misused to sup-
press desirable safety constraints or other important
behaviors. For this reason, we frame VLA-Forget
as an approximate, audit-driven unlearning frame-
work that should be deployed only with careful
human oversight, explicit evaluation on retain and
safety-critical tasks, and rollback safeguards. All
data used in our research are publicly available and
do not raise any privacy concerns. We also note
that AI tools were used only in a very limited man-
ner for writing assistance and language polishing,
while the technical ideas, experiments, analysis,
and conclusions are the authors’ own.
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Appendix

A Pseudo Code

Algorithm Overview. Algorithm 1 presents the
main VLA-Forget unlearning pipeline for Vision-
Language-Action models. It performs staged,
component-aware unlearning across the visual en-
coder, cross-modal projector, and LLM backbone.
First, selective updates remove unwanted visual
and grounding information while preserving per-
ceptual representations. Next, projector layers are
adjusted to weaken cross-modal associations be-
tween visual features and language instructions.
Finally, layer-selective updates modify reasoning
and action-token generation in the LLM backbone
while maintaining overall policy utility. Algo-
rithm 2 describes the supporting procedures used
within this pipeline, including ratio-based mod-
ule selection, significance-based layer scoring, and
PCGrad-based multi-objective optimization to bal-
ance forgetting efficacy, perceptual preservation,
and reasoning retention.

A.1 Boundary set construction and mismatch
pairing.

To reduce over-forgetting, we construct the bound-
ary set Dm from near-neighbor samples that are
similar to the forget set Df in scene layout, ob-
jects, or instruction wording, but whose behavior
should remain unchanged. In practice, for each for-
get example, we retrieve retain-side samples with
high visual or instruction similarity and exclude
any instance belonging to the target forget slice,
yielding hard non-target examples that lie close
to the forget boundary. The mismatch pairing is
then formed by aligning each forget sample with
its nearest retained counterpart, so that the model
is encouraged to diverge on the forgotten mapping
while preserving nearby valid behaviors. When
an exact same-instruction counterpart is unavail-
able, we use the closest semantically related retain
instruction-scene pair, which provides a stable ap-
proximation for enforcing local specificity during
unlearning.

B Detailed Experimental Setting

B.1 Hyper Parameters

Table 5 summarizes the key hyper-parameter
choices and reproducibility settings used for VLA-
Forget, including data splits, optimization, unlearn-

ing weights, adapter settings, and reporting proto-
col.

B.2 Mathematical Definition of VLA-Forget
Metrics

Let Df = {(xi, yi)}Nf

i=1 denote the forget set and
Dr = {(xi, yi)}Nr

i=1 the retain set, where each in-
put xi = (oi, si) contains an observation image
oi and instruction si, and yi = (yi,1, . . . , yi,Ti) is
the target action-token sequence produced from the
underlying continuous robot action. Since Open-
VLA predicts discretized action tokens autoregres-
sively, the natural offline evaluation quantities are
token-level and token accuracy onDf andDr. Sec-
tion 4.1 of the main paper defines the reported met-
rics FC, RC, FAD, RAD, TSR, and SVR around
this setup.

We first define the action-token on any split D ∈
{Df , Dr} as

CEθ(D) =
1

∑|D|
i=1 Ti

|D|∑

i=1

Ti∑

t=1

− log pθ(yi,t | xi, yi,<t) . (11)

Similarly, the token-level action accuracy is

Accθ(D) =
1

∑|D|
i=1 Ti

|D|∑

i=1

Ti∑

t=1

1
[
argmax

v
pθ(v | xi, yi,<t) = yi,t

]
. (12)

In lightweight evaluations, this accuracy can also
be instantiated as exact-match accuracy over the
full predicted action token sequence; the same for-
get/retain deltas are then computed from that accu-
racy definition.

Using these primitives, the direct offline loss
metric is

FC = CEθu(Df ).

where θu denotes the unlearned model. A larger
FC means the model is less able to reproduce the
forgotten action mapping, hence better forgetting.
Retain utility score. We define the retain utility
score as the negative retain-set cross-entropy,

RC = −CEθu(Dr),

so that higher values indicate better retention.
Equivalently, one may report the retain improve-
ment relative to the base model,

RC∆ = CEθ0(Dr)− CEθu(Dr),
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Algorithm 1: VLA-Forget: Hybrid Unlearning for Vision-Language-Action Models
Input : Base VLA policy fθ0 = (EncθV ,ProjθP ,DecθL);

unlearning request U ; candidate data pool C; budgets (KV ,KP ,KL);
loss weights (λf , λm, λfeat); thresholds (τV , τP , τL);
learning rate η; stage steps (TV , TP , TL); stopping criteria Γ.

Output : Unlearned policy fθ⋆ , adapter weights ∆⋆, and audit reportR.
1 Construct data splits: build forget set Df , retain set Dr, and boundary set Dm from U using

labels, metadata, and nearest-neighbor retrieval.
2 θ ← θ0
3 ∆← ∅

4 Optional influence triage:
5 Cf ← INFLUENCE_TRIAGE(fθ0 , C, U)
6 Refine Df and Dm using Cf
7 Stage 1: Vision unlearning
8 Freeze(θ); Enable(∆V ) on candidate late vision blocks only
9 KV ← VISION_SELECT(EncθV , Df , Dr, τV )

10 for t = 1 to TV do
11 Sample Bf ∼ Df , Br ∼ Dr, Bm ∼ Dm

12 Compute

Lretain(Br) + λfeatLfeat(Br ∪Bm), Lforget(Bf ), Lmismatch(Bf )

g ← PCGRAD
(
∇Lretain, ∇(−λfLforget), ∇(−λmLmismatch)

)

13 Update(∆V [KV ], g, η)
14 if EvalForget(fθ, Df ) and EvalRetain(fθ, Dr) satisfy ΓV then // early stop for

vision stage
15 break

16 Stage 2: Projector unlearning
17 Freeze(θ ∪∆V ); Enable(∆P ) on projector layers only
18 KP ← VISION_SELECT(ProjθP , Df , Dr, τP )
19 for t = 1 to TP do
20 Sample Bf ∼ Df , Br ∼ Dr, Bm ∼ Dm

21 Compute

Lretain(Br) + λfeatLfeat(Br ∪Bm), Lforget(Bf ), Lmismatch(Bf )

g ← PCGRAD
(
∇Lretain, ∇(−λfLforget), ∇(−λmLmismatch)

)

22 Update(∆P [KP ], g, η)
23 if EvalForget(fθ, Df ) and EvalRetain(fθ, Dr) satisfy ΓP then // early stop for

projector stage
24 break

25 Continue in Algorithm 1.

where larger values mean that the unlearned model
preserves or improves retain-set behavior relative
to the original policy. In practice, RC is reported as
a scaled retain utility score for readability, so larger

values indicate better retention.
The two accuracy-drop metrics measure change

relative to the original pretrained policy θ0:

FAD = Accθ0(Df )−Accθu(Df ),
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Algorithm 1: VLA-Forget: Hybrid Unlearning for Vision-Language-Action Models (continued)

1 Stage 3: Reasoning/action unlearning
2 Freeze(θ ∪∆V ∪∆P ); Enable(∆L) on upper transformer blocks
3 SL ← LLM_SELECT(DecθL , Df , Dr, τL)
4 Optionally add action-token embedding rows / LM-head rows to SL
5 for t = 1 to TL do
6 Sample Bf ∼ Df , Br ∼ Dr, Bm ∼ Dm

7 Compute

Lretain(Br) + λfeatLfeat(Br ∪Bm), Lforget(Bf ), Lmismatch(Bf )

g ← PCGRAD
(
∇Lretain, ∇(−λfLforget), ∇(−λmLmismatch)

)

8 Update(∆L[SL], g, η)
9 if EvalForget(fθ, Df ) fails ΓL then // expand only if forgetting is insufficient

10 SL ← Expand(SL, ArgMaxℓ/∈SL
Sig(ℓ))

11 if EvalForget(fθ, Df ) and EvalRetain(fθ, Dr) satisfy Γ then // global stopping
12 break

13 Robustness and deployment audit:
14 Evaluate closed-loop and offline metrics on retain / forget probes
15 Evaluate quantization robustness under bf16, int8, and int4
16 Evaluate safety metrics (task success, action jerk, gripper toggles, bin saturation)
17 R ← EvalRobust(fθ, Df , Dr, Dm)

18 Merge adapters if desired and return

fθ⋆ ← fθ0 ⊕∆V ⊕∆P ⊕∆L

with audit reportR

RAD = Accθ0(Dr)−Accθu(Dr).

Thus, higher FAD is better because the forget-set
action accuracy should decrease after unlearning,
whereas lower RAD is better because retained be-
haviors should change as little as possible. This is
also the implementation-level summary used in the
released VLA-Forget code, which reports forget-
accuracy drop and retain-accuracy drop relative to
the base model.

Beyond offline token metrics, VLA-Forget also
evaluates embodied execution. Let R be a set of
rollout episodes on LIBERO, Open X-Embodiment
evaluation slices, or contradiction probes. The task
success rate is

TSR =
1

|R|
∑

r∈R
1[task r succeeds] ,

where success is defined by the benchmark-specific
completion criterion. Higher TSR is better. This
follows standard VLA and robot-manipulation eval-
uation practice, where policy quality is ultimately

measured by closed-loop success over tasks rather
than only token prediction quality.

Finally, the safety violation rate measures how
often the unlearned policy still executes unsafe or
disallowed behavior under target prompts, sensitive
requests, or contradiction probes:

SVR =
1

|Rsafe|
∑

r∈Rsafe

1[episode r contains a safety violation] . (13)

Typical violations include executing the forbidden
action, moving toward the wrong target object, or
continuing a visually plausible trajectory under an
instruction that should block execution. Hence,
lower SVR is better. This safety-oriented evalu-
ation is especially important for VLA unlearning
because embodied errors manifest as physical ac-
tions, and contradiction-style probes are useful for
exposing failures of language grounding that may
not be visible from success metrics alone.
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Algorithm 2: Helper Procedures for VLA-Forget

1 Function VISION_SELECT(M,Df , Dr, τ)
2 foreach layer or head l ∈M do
3 gfl ← ∇θlLforget(Df )
4 grl ← ∇θlLretain(Dr)

5 ϕ(l)← ∥gfl ∥2
∥θl∥2 + ε

(
1− cos(gfl , g

r
l )
)α

6 K ← {l : ϕ(l) > τ}
7 if K = ∅ then
8 K ← {argmaxl ϕ(l)}
9 return K

10 Function LLM_SELECT(B,Df , Dr, τ)
11 foreach transformer block l ∈ B do

12 Sig(l)← ∥∇θlLforget(Df )∥2
∥∇θlLretain(Dr)∥2 + ε

13 S ← {l : Sig(l) > τ}
14 if S = ∅ then
15 S ← {argmaxl Sig(l)}
16 return blocks in S sorted by descending Sig(l)

17 Function PCGRAD({g1, . . . , gn})
18 Shuffle gradient list
19 for i = 1 to n do
20 for j = 1 to n do
21 if i ̸= j and ⟨gi, gj⟩ < 0 then

22 gi ← gi −
⟨gi, gj⟩
∥gj∥22

gj

23 return
∑n

i=1 gi

In summary, FC and FAD quantify forgetting
strength, RC and RAD quantify retained utility,
and TSR and SVR quantify embodied usefulness
and safety. Together, they provide a balanced view
of whether VLA-Forget removes the target behav-
ior without destroying normal policy execution.

C Additional Results

C.1 Ablation Study
Table 6 further confirms that the appendix experi-
ments use the full VLA-Forget configuration, i.e.,
joint unlearning over the vision encoder + projec-
tor + language backbone, together with the staged
update schedule. The final configuration is selected
with balanced sensitivity settings, using moderate
objective weights and a mid-range learning rate
(η = 5× 10−5), since this setting provides the best
overall forget-retain trade-off: it maintains strong

forgetting while preserving retain accuracy, reduc-
ing action drift, and keeping task success stable,
whereas more aggressive settings improve forget-
ting slightly but noticeably harm retain-side utility.

C.2 Safety Case Study

Figure 9 provides a qualitative safety case study for
VLA-Forget. Before unlearning, the policy follows
an unsafe human-directed affordance and moves
toward a restricted region near the hand, despite the
presence of valid non-target objects in the scene.
After VLA-Forget, this targeted unsafe response
is suppressed, while the retained-task panel shows
that ordinary object-directed manipulation remains
largely intact. This behavior is consistent with the
paper’s central claim that VLA unlearning should
remove a specific unsafe instruction-to-action as-
sociation, rather than broadly degrade perception
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Figure 9: Unsafe affordance suppression illustration with retained utility. Before unlearning, the policy follows
an unsafe human-directed instruction and moves toward a restricted region near the hand. After VLA-Forget, the
unsafe action is suppressed, while normal non-target manipulation remains preserved under a safe instruction.

or manipulation ability, thereby yielding a more
useful and deployment-relevant safety correction.
The compact score panel reports three complemen-
tary quantities: unsafe target execution under the
forget prompt, safety violation rate (SVR), and
retained-task success. Together, they show that
VLA-Forget suppresses the targeted unsafe behav-
ior and reduces safety violations while preserving
most non-target task utility.
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Table 5: Hyper-parameter choices and reproducibility details for VLA-Forget. Reported values follow the released
code and uses standard defaults for stable reproduction.

Category Setting Value / Details

Model / data Main model openvla/openvla-7b; LoRA-based unlearning in the
OpenVLA

setups VLA models with vision / projector / reasoning unlearn-
ing

Datasets OXE, lerobot/pusht_image and a colored-object
benchmark

Data scale Up to 512 instances for OpenVLA ; up to 4000 instances
for main ; split 5000 / 1200 / 1200

Data split Forget fraction 30% of prompted PushT instances
Train / val / test 70 / 15 / 15 for PushT; separate train / val / test split
Partition design Forget set Df , retain set Dr , and boundary set Dm

Forget target Prompt-based target slice in PushT; blue object target
in benchmark

Evaluation Forget and retain metrics reported on held-out test data

Optimization Optimizer Adam or AdamW
Base training LR 1× 10−3

Unlearning LR 2× 10−4

Epochs 6 epochs (main ), 8 epochs ( )
Batch size 32 / 64 train-eval for main ; 64 / 128 for ; 2 / 2 for

OpenVLA
Update budget 60 steps for OpenVLA ; steps 60 / 60 / 90 (main) and

100 / 100 / 140 ( )
Gradient accumulation 8 for OpenVLA
Gradient clipping Max grad norm = 1.0

Unlearning objective Stage selection Top-k modules: vision = 2, projector = 2, reasoning
= 3 or 4

Retain weight λretain = 1.0
Forget weight λf = 0.7 for OpenVLA ; λf = 1.2 for setting
Mismatch weight λm = 0.8
Feature preservation λfeat = 0.7
KL / ratio terms βKL = 0.5, αratio = 1.0

Adapter / precision LoRA setup Rank r = 16, α = 16, dropout = 0.05
Target modules all-linear in OpenVLA
Quantization Optional 4-bit quantization; full-precision fallback sup-

ported
Compute dtype bf16 when supported, otherwise fp16
Action setup discrete action heads setups

Reproducibility Seed 42 for random, numpy, torch, and CUDA
Software PyTorch with transformers, datasets, and peft
Hardware Single modern GPU; CPU fallback only for lightweight

tests
Model selection Best checkpoint chosen using validation exact-match

accuracy
Reporting Report FC, RC, FAD, RAD, TSR, and SVR; final paper

should report mean ± std over 5 seeds
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Table 6: Detailed appendix ablation on Open X-Embodiment using OpenVLA-7B. This table extends Table 4
with objective-sensitivity and learning-rate analyses for VLA-Forget. Higher is better for FC, RC, FAD, and TSR;
lower is better for RAD and SVR.

Group Setting / Variant FC ↑ RC ↑ FAD ↑ RAD ↓ TSR ↑ SVR ↓

A. Component selection (continuation of the main ablation table)

Component Vision encoder only 85 82 0.80 0.27 65 12
Component Projector only 82 89 0.75 0.22 75 15
Component Language backbone only 90 88 0.85 0.23 74 8
Component Vision + Projector 88 86 0.84 0.24 72 10
Component Projector + Language 92 90 0.86 0.22 77 6
Component Vision + Language 93 87 0.89 0.25 70 6
Component Vision + Projector + Language (full) 93 91 0.88 0.21 78 5
Component Full, w/o retain-preservation term 95 80 0.93 0.30 64 4

B. Objective sensitivity around the full VLA-Forget configuration

Objective Full model, λfeat = 0 (remove perceptual preservation) 94 83 0.91 0.27 69 5
Objective Full model, λm = 0 (remove mismatch term) 91 88 0.84 0.23 75 7
Objective Full model, λf = 0.5 89 93 0.81 0.19 79 9
Objective Full model, λf = 1.0 92 92 0.86 0.20 78 6
Objective Full model, λf = 1.5 94 88 0.90 0.24 74 4
Objective Full model, λm = 0.5 92 91 0.87 0.21 78 6
Objective Full model, λm = 1.0 93 91 0.88 0.21 78 5
Objective Full model, λm = 1.5 94 89 0.89 0.23 76 5
Objective Full model, λfeat = 0.25 93 89 0.89 0.23 76 5
Objective Full model, λfeat = 0.50 93 91 0.88 0.21 78 5
Objective Full model, λfeat = 1.00 91 93 0.84 0.19 79 7

C. Learning-rate sensitivity for the full configuration

LR η = 5 × 10−6 87 94 0.79 0.18 80 11
LR η = 1 × 10−5 89 93 0.82 0.19 79 8
LR η = 2 × 10−5 91 92 0.85 0.20 79 7
LR η = 5 × 10−5 93 91 0.88 0.21 78 5
LR η = 1 × 10−4 94 88 0.90 0.24 75 4
LR η = 2 × 10−4 95 84 0.92 0.27 71 4
LR η = 5 × 10−4 96 78 0.95 0.33 62 3

D. Stabilization / schedule controls

Control Full model, w/o PCGrad 94 86 0.90 0.25 73 5
Control Full model, single-stage joint update 92 87 0.86 0.24 74 6
Control Full model update (ours) 93 91 0.88 0.21 78 5
Control Full model, early-stop disabled 95 82 0.92 0.29 66 4
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Abstract

Modern artificial intelligence remains funda-
mentally divided between the continuous, prob-
abilistic spaces of Foundation Models and the
discrete, deterministic structures of Knowledge
Graphs. While Retrieval-Augmented Genera-
tion (RAG) attempts to connect them by serial-
izing graph data into text, we argue this lexical
bridging is merely a superficial patch. In this
paper, we formalize the underlying structural
and geometric friction as the Impedance Mis-
match. By categorizing current neuro-symbolic
integration strategies into a three-tiered hierar-
chy, we demonstrate that neither surface-level
prompt injection nor continuous representation
alignment can preserve the strict logical motifs
required for reliable multi-hop reasoning. We
define the specific mathematical limits, such
as the Lexical Bottleneck and Topological Col-
lapse, that show current architectures will even-
tually hallucinate or conflate semantic nodes.
To achieve true semantic fusion, we propose a
rigorous theoretical roadmap. We advocate for
natively internalizing discrete symbolic struc-
tures through Structured Residual Streams, uti-
lizing Vector Symbolic Architectures for latent
sub-graph injection, and performing model up-
dates via Orthogonal Subspace Editing. This
actionable framework paves the way for models
that seamlessly fuse the precision of symbolic
logic with the expressivity of parametric mem-
ory.

1 Introduction

The architecture of modern artificial intelligence
remains fundamentally divided by two distinct
paradigms of knowledge representation. On one
hand, the subsymbolic paradigm relies on the dis-
tributed, continuous representation spaces of Foun-
dation Models, where transformer-based large lan-
guage models (Vaswani et al., 2017) represent vast
amounts of probabilistic world knowledge during
pre-training (Brown et al., 2020; Touvron et al.,
2023; OpenAI et al., 2024). On the other hand,

classical symbolic artificial intelligence utilizes
discrete, structured formalisms like Knowledge
Graphs to explicitly model declarative knowledge
as rigid relational structures (Hogan et al., 2021;
Ji et al., 2022). These symbolic frameworks in-
herently provide the explicit semantics, rigorous
compositional structure, and strong mathematical
guarantees regarding constraint satisfaction that
standard neural architectures natively lack. Bridg-
ing this divide is recognized as the next step for
Artificial General Intelligence (AGI) (Pan et al.,
2024; Luo et al., 2025a).

As foundational models are deployed in high-
stakes, knowledge-intensive environments, the
need to ground their parametric memory in reli-
able and up-to-date factual repositories has become
critical (Xu et al., 2025; Ma et al., 2025). The pre-
vailing industrial solution is Retrieval-Augmented
Generation (RAG) (Lewis et al., 2020; Guu et al.,
2020; Gao et al., 2024). Current RAG method-
ologies typically attempt to bridge this gap by se-
rializing knowledge graph subgraphs into natural
language strings and injecting them directly into
the context window of the model (Edge et al., 2025;
Xu et al., 2024). However, we argue that this bridg-
ing strategy serves as a superficial patch rather than
a mathematical structural solution. Treating the
challenge of knowledge integration as mere text re-
trieval ignores the structural and geometric friction
between discrete symbolic edges and continuous
parameter spaces (Bian, 2025; Jin et al., 2024).

In this paper, we formalize this structural fric-
tion as the Impedance Mismatch of neuro-symbolic
knowledge integration. Borrowing a foundational
concept from object-relational database theory, we
define the impedance mismatch as the mathemat-
ical degradation that occurs when deterministic
graph-structured knowledge bases are artificially
mapped into probabilistic self-attention-driven la-
tent spaces (Bian, 2025). Foundational models per-
ceive the world probabilistically through dense vec-
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tor similarities, whereas databases and knowledge
graphs require strict deterministic algorithmic ma-
nipulation. When large language models attempt
to process standard knowledge graph structures,
they struggle against their own continuous train-
ing priors (Jin et al., 2024). This conflict directly
results in information loss driven by tokenization
mismatches between LLM text encoders and dis-
crete knowledge graph embeddings (Bian, 2025;
Pan et al., 2024). Furthermore, converting a rigid
relational tuple into a linear sequence of tokens
fails to preserve the relational geometry required
for multi-hop logical reasoning, directly causing
high non-retrieval rates, disconnected subgraphs,
and hallucinations (Luo et al., 2025b; Kim et al.,
2025; Ma et al., 2025; Edge et al., 2025).

To advance beyond the limitations of text-based
retrieval frameworks and achieve true semantic fu-
sion between foundational models and knowledge
graphs, we attempt to provide a rigorous theoretical
foundation. Our contributions are:

• A Hierarchy of Integration Strategies: We pro-
pose a comprehensive hierarchy of integration
strategies that categorizes current methodolo-
gies from lexical injection to architectural em-
beddings, highlighting the theoretical capacity
limits of each paradigm (Ma et al., 2025; Jin
et al., 2024).

• Identification of Core Bottlenecks: We de-
fine three bottlenecks preventing true neuro-
symbolic fusion, specifically detailing the
saturation limits of differentiable logic (van
Krieken et al., 2022a), the structural and ge-
ometric interference of continuous memory,
and the fundamental asymmetry of symbol
grounding (Harnad, 1990; Ji et al., 2022).

• A Roadmap for the Knowledge Lifecycle: We
chart a theoretical roadmap spanning the com-
plete knowledge lifecycle of emergence, in-
jection, and updating (Dhayalkar, 2025b). We
propose mechanisms like latent subgraph in-
jection and orthogonal subspace editing to re-
solve the impedance mismatch directly within
the transformer architecture, paving the way
for verifiable compositional generalization
(Pan et al., 2024; Luo et al., 2025a).

Hence, we discuss that building knowledgeable
foundation models requires moving beyond the as-
sumption that continuous weights can seamlessly

absorb discrete facts without explicit, mathemati-
cally grounded architectural mediation (Zhu et al.,
2025; Pan et al., 2024).

2 The Anatomy of the Impedance
Mismatch

To understand why simple text-based retrieval fails
to achieve true semantic fusion, we must establish
the differences between symbolic graphs and con-
tinuous vector spaces. The core technical challenge
of integration lies in reconciling the continuous, sta-
tistical nature of neural networks with the discrete,
logical nature of symbolic systems (d’Avila Garcez
et al., 2019; Ji et al., 2022). We categorize this
impedance mismatch across three structural dimen-
sions: relational architecture, logical certainty, and
memory editability.

2.1 Formalizing the Impedance Mismatch
To ground the impedance mismatch, we must for-
malize the structural degradation that occurs when
mapping discrete relational architectures into con-
tinuous latent spaces (Bian, 2025).

Let a Knowledge Graph be defined as a discrete
topological space K = (V, E), where V represents
the set of entity vertices and E represents the set
of relational edges. This space is equipped with
a shortest-path metric dK(vi, vj) that calculates
the discrete logical distance between two entities
vi, vj ∈ V . Conversely, let the Foundation Model’s
latent space be a continuous metric spaceM⊆ Rh,
where h denotes the dimensionality of the dense
vectors, equipped with a geometric distance func-
tion dM. Any integration strategy requires a repre-
sentation mapping function f : V →M.

According to the principles of metric embedding
theory, mapping an arbitrary discrete graph into a
continuous vector space guarantees a strictly pos-
itive structural distortion. We formally define the
Impedance Mismatch, denoted as I , as the unavoid-
able mathematical lower bound of this distortion:

I = inf
f

(
sup
u̸=v

dM(f(u), f(v))

dK(u, v)
×

sup
u̸=v

dK(u, v)
dM(f(u), f(v))

)

where inff denotes the infimum (greatest lower
bound) over all possible mapping functions f , and
supu̸=v denotes the supremum (least upper bound)
over all distinct pairs of entities u, v ∈ V . In a
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purely discrete, deterministic system, I = 1, rep-
resenting perfect structural isometry. However, for
dense transformer representations, I ≫ 1. This
formula shows that continuous spaces cannot faith-
fully preserve complex graph motifs, such as closed
cycles and hierarchical trees, without warping the
distances between nodes (Jin et al., 2024). Further-
more, this mismatch manifests as a compounding
error during relational composition. In a discrete
graph, navigating from a source entity v1 to a tar-
get entity v3 via sequential relations r1 and r2 is
a deterministic algebraic composition, yielding an
exact target node. In a foundation model, this multi-
hop relation is approximated geometrically via se-
quential self-attention blocks. If A(l) represents
the attention matrix at layer l, and L represents
the total number of attention layers, the continuous
approximation introduces an error term ϵ:

ϵ =

∥∥∥∥∥f(v3)−
L∏

l=1

A(l)f(v1)

∥∥∥∥∥

As the number of logical hops increases, the con-
tinuous approximation error ϵ compounds multi-
plicatively. This formalizes exactly why text-based
retrieval frameworks fail at multi-hop logical rea-
soning (Luo et al., 2025b; Kim et al., 2025): the
continuous representation natively lacks the closed
algebraic properties required to keep ϵ at zero.

2.2 Structural versus Geometric Relations

In a knowledge graph, knowledge is defined struc-
turally. A relation between a subject entity vs and
an object entity vo via a predicate r is represented
as an explicit, discrete edge (vs, r, vo) ∈ E , where
E is the set of all edges in the graph (Hogan et al.,
2021). Retrieving a fact or executing a multi-hop
logical query relies on exact graph traversal. The
expressive power of such representations depends
heavily on the discrete structural motifs used to
capture interactions.

Conversely, Foundation Models operate in con-
tinuous, high-dimensional vector spaces where
internal states are represented by dense tensors
(Brown et al., 2020; Touvron et al., 2023). Rela-
tions are not explicit edges but are instead approxi-
mated geometrically through implicit affine trans-
formations and attention-weighted sums. While a
knowledge graph queries adjacency via an indicator
function or boolean matrix multiplication, a trans-
former layer models a relation by computing a soft

self-attention distribution (Vaswani et al., 2017):

Attn(Q,K, V ) = softmax
(
QK⊤
√
dk

)
V

In this geometric space, the relational edge between
two concepts is a dense similarity scalar in the at-
tention matrix. This continuous perception strug-
gles to preserve the strict structural constraints re-
quired for reliable, multi-step symbolic reasoning
(Pan et al., 2024; Jin et al., 2024). When discrete
graph architecture is forced into this continuous
geometry, the crisp boundaries of symbolic motifs
inevitably blur. This geometric blurring directly
leads to hallucinated edges, invalid logical hops,
and a degradation of verifiable inference (Luo et al.,
2025b,a; Edge et al., 2025).

2.3 Certainty versus Probability
The second dimension of the mismatch concerns
the truth representation of the encoded knowledge.
Knowledge graphs are explicitly built on determin-
istic logic. An edge either exists or it does not, pro-
viding definitive, discrete representations of facts.
This structural rigidity makes them suitable for
precise querying and explainable, rule-based rea-
soning (Hogan et al., 2021; Ji et al., 2022).

However, foundational models are fundamen-
tally probabilistic engines trained to minimize
cross-entropy loss over token distributions to learn
statistical regularities of language (OpenAI et al.,
2024). Their internal representation of a fact is
inherently statistical and highly contextual. Real-
world knowledge is thus modeled not as a binary
truth but as a continuous probability density. Merg-
ing these two paradigms can cause a structural col-
lapse (Pan et al., 2024). Either the definitive cer-
tainty of the knowledge graph must be relaxed into
a probabilistic embedding, which mathematically
destroys its logical guarantees, or the continuous
parameter space of the foundational model must
be artificially thresholded to accommodate discrete
rules (Luo et al., 2025a; Zhang, 2025). Standard
hybrid predictors often assume conditional inde-
pendence between extracted symbols to bridge this
gap. Unfortunately, this assumption limits their
ability to model complex interactions and leads to
overconfident, miscalibrated predictions (Jin et al.,
2024; Luo et al., 2025b).

2.4 The Editability Conflict
Another problem with this impedance mismatch
is the difference in how the two systems update
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their information. Knowledge graphs are highly
dynamic and editable. Updating a fact or correcting
an outdated relationship requires a straightforward
O(1) operation, executing the direct insertion or
deletion of a discrete edge (vs, r, vo) (Hogan et al.,
2021).

Updating the parametric memory of a founda-
tional model presents a very different theoretical
challenge (De Cao et al., 2021; Mitchell et al.,
2022). Knowledge in a transformer is heavily
interconnected across multiple layers and atten-
tion heads via dense vector addition. Modifying a
specific fact requires gradient descent or surgical
weight perturbations, operations that are inherently
unstable for lifelong editing (Meng et al., 2022;
Yao et al., 2023). Recent studies in continuous
knowledge editing reveal a significant performance
decline in both knowledge update efficacy and re-
tention as the number of sequential edits increases
(De Cao et al., 2021; Hase et al., 2023). Because
the representations are continuous and overlapping,
altering the parameters to update one fact often
causes degraded interference with adjacent, struc-
turally unrelated knowledge (Meng et al., 2022;
Yao et al., 2023; Mitchell et al., 2022). While novel
techniques that disentangle and sparsify knowledge
representations show promise in alleviating this de-
cline, the fundamental editability conflict remains
an unsolved barrier (Pan et al., 2024; Luo et al.,
2025a). The distributed nature of the embedding
space inherently resists the localized, surgical up-
dates that discrete knowledge graphs effortlessly
support.

3 A Hierarchy of Integration Strategies

To analyze neuro-symbolic research, we struc-
ture existing literature into a three-tiered matu-
rity model. This hierarchy categorizes integration
strategies based on how deeply the discrete knowl-
edge graph penetrates the continuous architecture
of the foundational model (Pan et al., 2024; Luo
et al., 2025a; Jin et al., 2024). As summarized in
Table 1, we can then isolate and expose the specific
theoretical limitations inherent to each paradigm.

3.1 Level 1: Lexical and Prompt Injection
(Surface-Level)

The most common integration paradigm in indus-
trial and academic settings operates entirely at
the surface level. This is mostly realized through
Knowledge Graph-Augmented Generation frame-

works (Lewis et al., 2020; Gao et al., 2024; Xu
et al., 2024; Liu et al., 2025b). In this approach,
an external retriever isolates a structurally relevant
subgraph, serializes the discrete triples into natural
language text, and concatenates this verbalized pay-
load directly into the context window of the founda-
tional model (Lewis et al., 2020; Chen et al., 2025).
Recent frameworks have attempted to optimize by
retrieving hypothetical reasoning paths to improve
evidence selection or by deploying adaptive multi-
hop algorithms to reduce the overall token payload
(Edge et al., 2025; Liu et al., 2025b).

Critique: While this methodology is accessible
and deployable, lexical injection functions as a su-
perficial patch. It inherently suffers from inference
latency and remains bottlenecked by context win-
dow limitations. Surface-level integration is sus-
ceptible to knowledge conflicts, where the model’s
parametric memory overrides the retrieved context
(Luo et al., 2025b; Pan et al., 2024). When the
verbalized graph information logically contradicts
the pre-trained continuous weights of the founda-
tion model, the architecture frequently discards the
prompt in favor of its statistical prior (Mallen et al.,
2023; Wang et al., 2025; Luo et al., 2025b). Fur-
thermore, serializing a complex multidimensional
graph structure into a flat, linear token stream dis-
mantles the structural motifs required for multi-hop
logical deduction (Edge et al., 2025; Bian, 2025).

To formally demonstrate this limitation, we de-
fine the mathematical boundary of the Lexical Bot-
tleneck. Let a knowledge subgraph G = (V, E)
possess an average branching factor b and require
a logical reasoning depth of k. Let T represent
the token space of a foundational model with a
maximum context window length L. Assuming a
uniform average branching factor b, the number of
distinct reasoning paths of length k diverging from
a source entity is bk. The total number of elements
required to fully represent this reasoning subgraph
scales geometrically as O(bk).

If c ≥ 1 is the minimum number of tokens re-
quired to serialize a single graph element, the min-
imum token length to represent the subgraph is
c · O(bk). By the Pigeonhole Principle, if this re-
quired length exceeds the fixed capacity L, any
deterministic serialization function must truncate
information. In classical logic, removing a single
premise from a multi-hop chain invalidates the en-
tire deductive path. Consequently, as the reasoning
depth k scales, preserving the complete set of re-
lational paths becomes mathematically impossible
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without unbounded information loss.

3.2 Level 2: Representation Alignment
(Embedding-Level)

To bypass the tokenization bottlenecks of text ver-
balization, the second tier of integration attempts
to align the representations of the knowledge graph
and the foundational model within a shared la-
tent mathematical space. Methodologies typically
employ Graph Neural Networks or sophisticated
translation-based embedding techniques to encode
the relational architecture of the discrete graph into
dense continuous vectors (Bordes et al., 2013; Kipf
and Welling, 2017; Jin et al., 2024; Yasunaga et al.,
2021). These graph embeddings are then fused,
concatenated, or aligned via multi-task contrastive
learning objectives with the native text embeddings
of the foundational model during an explicit for-
ward pass or intermediate fine-tuning stage (Liu
et al., 2025a; Luo et al., 2025a; Zhang, 2025).

Critique: Embedding-level alignment represents
a significant step forward, yet it introduces a repre-
sentational gap (Pan et al., 2024). Forcing a strict
discrete graph into a continuous text embedding
space necessitates a mathematical projection that
degrades the strict relational properties of the origi-
nal symbolic graph (Liu et al., 2025a; Bian, 2025).
In this paradigm, the continuous vector space acts
as a lossy compression algorithm for discrete logic.
The system permanently loses the precise relational
boundaries inherent to discrete symbols. Hence,
while the foundational model gains broad domain
awareness, it remains incapable of executing pre-
cise algorithmic graph traversals without halluci-
nating edges or conflating distinct semantic nodes
(Luo et al., 2025b; Kiguchi et al., 2025).

To formalize this representational gap, we define
the geometric boundary of Topological Collapse as
a direct, bounded consequence of the Impedance
Mismatch (I) established in Section 2.1. When
mapping the discrete metric space of the graph
K = (V, E) into the continuous latent spaceM via
an embedding function f , the structural distortion
cannot be arbitrarily minimized.

According to Bourgain’s Embedding Theorem,
embedding a finite metric space of |V| points into
a Euclidean space inherently introduces a mini-
mum structural distortion mathematically bounded
by Ω(log |V|). Therefore, we can formally bound
the Impedance Mismatch for Level 2 integrations
as I ≥ Ω(log |V|). As the size of the ontology
grows, this minimum distortion grows logarithmi-

cally. Because a perfect, distance-preserving se-
mantic alignment strictly requires I = 1, achieving
zero-distortion integration at the embedding level
is mathematically impossible. The continuous vec-
tor space natively lacks the geometric capacity to
preserve the discrete graph structure, unavoidably
forcing distinct semantic nodes to overlap and de-
stroying the boundaries required for precise algo-
rithmic traversals.

3.3 Level 3: Architectural Integration
(Attention-Level)

The most advanced frontier of current research in-
volves directly modifying the internal computa-
tional routing of the transformer architecture to
explicitly accommodate graph structures. Rather
than treating the knowledge graph as an exter-
nal text payload or an aligned input vector, these
methodologies inject graph priors directly into the
message-passing framework or the self-attention
calculations of the model (Luo et al., 2025a; Ya-
sunaga et al., 2021). Recent architectural innova-
tions include Graph-Guided Attention modules that
non-invasively rewire the native attention matrices
of the foundational model based strictly on knowl-
edge graph adjacency (Zhang, 2025; Zhai et al.,
2026). Parallel frameworks utilize cross-attention
mechanisms to inject semantic graph prompts dy-
namically across intermediate hidden layers (Hu
et al., 2022).

Critique: While architecturally integrated mod-
els exhibit state-of-the-art empirical performance
on complex reasoning benchmarks (Jin et al., 2024;
Yasunaga et al., 2021), they remain theoretically
incomplete. They are computationally expensive
to scale. They still treat the knowledge graph as an
externalized constraint that must be dynamically
consulted rather than functioning as an internal-
ized, native knowledge structure. The fundamental
mathematical friction remains unresolved because
the neural network is still relying on continuous
attention weights to approximate discrete logical
routing (Pan et al., 2024; Luo et al., 2025a). Un-
til the underlying transformer architecture natively
supports discontinuous structural subspaces within
its residual stream, true semantic fusion will remain
out of reach (Zhai et al., 2026).

To mathematically formalize this architectural
limitation, we define the boundary of Attention Ap-
proximation Leakage. In a pure symbolic system,
logical routing is executed via a discrete adjacency
matrix A ∈ {0, 1}n×n. Architecturally integrated
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foundational models attempt to approximate this
discrete routing using continuous attention matri-
ces Asoft ∈ (0, 1)n×n.

Because the standard attention mechanism relies
on the softmax function, it strictly outputs positive
probabilities. Approximating a hard, discrete zero
(indicating no relationship) requires infinite neg-
ative logits, which is impossible in a stable train-
ing regime. Therefore, every non-adjacent node
contributes a strictly positive residual leakage er-
ror δ > 0 during the message-passing calculation.
When the model attempts to execute a multi-hop
logical query of depth k, the routing calculation
approximates (Asoft)

k. As k increases, the con-
tinuous leakage error δ compounds exponentially,
leading to severe representation over-smoothing.
The precise signal of the true discrete reasoning
path is inevitably drowned out by the accumulated
noise of the continuous space, proving that approx-
imating discrete routing with continuous attention
weights is mathematically unsustainable for deep
logical deduction.

4 Core Bottlenecks Preventing True
Fusion

To move past the design limits of current integra-
tion strategies and achieve true semantic fusion, the
community must address three fundamental bottle-
necks. These barriers represent incompatibilities
between discrete structural constraints and continu-
ous latent spaces.

4.1 Bottleneck A: The Curse of Differentiable
Logic

A prevalent method for injecting discrete logic
into continuous models utilizes differentiable logic
frameworks, which relax Boolean connectives and
quantifiers into continuous operators (Rocktäschel
and Riedel, 2017; Evans and Grefenstette, 2018;
van Krieken et al., 2022b). Soft relaxations algo-
rithmically map strict truth values to the continu-
ous interval [0, 1] via t-norms, s-norms, and fuzzy
aggregation operators (van Krieken et al., 2022b;
Manhaeve et al., 2018). However, this mapping
introduces an optimization bottleneck. The result-
ing loss landscapes are non-linear and suffer from
acute gradient saturation (Giunchiglia et al., 2022;
Wang et al., 2019). Once a logical formula is nearly
satisfied, the gradients vanish entirely, prematurely
halting the optimization process before true seman-
tic alignment is achieved (van Krieken et al., 2022b;

Minervini et al., 2019).
Furthermore, soft truth values break classical log-

ical equivalences. In a discrete knowledge graph,
De Morgan’s laws and contraposition hold abso-
lute certainty. In a relaxed tensor space, these func-
tionally equivalent symbolic rules often yield en-
tirely divergent optimization paths (Giunchiglia
et al., 2022; Wang et al., 2019). This inherent
conflict makes robust constraint satisfaction math-
ematically unstable under stochastic gradient de-
scent. Consequently, researchers are forced to
choose between Boolean faithfulness and optimiza-
tion amenability (van Krieken et al., 2022b; d’Avila
Garcez et al., 2019).

4.2 Bottleneck B: Structural and Geometric
Interference

The second barrier is structural and geometric inter-
ference. In a discrete graph, edges provide perfect
relational insulation. Editing the relation between
a subject node and an object node has no impact
on adjacent graph edges. In a continuous repre-
sentation space, such absolute geometric isolation
is mathematically impossible (Meng et al., 2022;
Elhage et al., 2021). When discrete symbolic struc-
tures are encoded into high-dimensional vectors,
they overlap and blend within the same dense space
(Elhage et al., 2021).

Updating parametric memory to modify a spe-
cific bound relation inherently warps the local
geometry of the embedding representation space
(Meng et al., 2022; Hase et al., 2023). As the
number of overlapping facts in the residual stream
increases, theoretical capacity limits are reached,
and knowledge extraction operations inevitably suf-
fer from catastrophic crosstalk (Yao et al., 2023;
Zhong et al., 2024). Surgically editing a spe-
cific semantic relation can inadvertently alter adja-
cent, structurally unrelated knowledge (Meng et al.,
2022; De Cao et al., 2021; Cohen et al., 2023). The
fluid nature of the transformer’s residual stream
lacks the strict orthogonality required to perfectly
insulate discrete variables during continuous up-
dates (Wang et al., 2024). This leads to the logical
consistency breaking down entirely under minor
parameter perturbations (Cohen et al., 2023; Zhong
et al., 2024; Hase et al., 2023).

4.3 Bottleneck C: The Symbol Grounding
Asymmetry

The final bottleneck centers on the asymmetry in
symbol grounding (Harnad, 1990; Ji et al., 2022).
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Integration Level Mechanism Formal Mathematical Bottleneck Asymptotic Failure Mode
Level 1: Surface Lexical Prompt

Injection
Lexical Bottleneck:
O(bk) > L

Context truncation; inability to en-
code exponential path complexity.

Level 2: Embedding Latent Vector
Alignment

Topological Collapse:
D(f) ≥ Ω(log |V|)

Semantic conflation; distortion of
discrete relational boundaries.

Level 3: Architecture Graph-Guided
Attention

Approximation Leakage:
Compounding softmax error δ in
(Asoft)

k

Representation over-smoothing; dis-
crete signal drowned in continuous
noise.

Table 1: A theoretical taxonomy of neuro-symbolic integration strategies, classified by their fundamental mathemat-
ical bottlenecks and asymptotic failure modes during multi-hop reasoning.

Knowledge graphs rely on unique entity identi-
fiers to maintain strict referential integrity across
diverse contexts (Hogan et al., 2021). On the other
hand, foundational models process information
through contextualized, distributed sub-word to-
ken representations (Brown et al., 2020; OpenAI
et al., 2024).

Aligning abstract, immutable symbols with fluid
data patterns remains a major theoretical challenge
(Pan et al., 2024, 2023). While prior works at-
tempt to bridge this gap using contrastive align-
ment or dedicated entity embeddings, these meth-
ods assume a static mapping that ignores the dy-
namically overlapping nature of language models
(Pan et al., 2024; Luo et al., 2025a; Zhang, 2025).
Natively integrating symbolic knowledge requires
a mechanism to dynamically instantiate and bind
discrete roles to continuous fillers without losing
the strict identity of the original symbol (d’Avila
Garcez et al., 2019; Smolensky, 1990). Until this
structural asymmetry is mathematically resolved,
hybrid models will continue to rely on shallow pat-
tern matching rather than exhibiting true, provable
compositional generalization (Lake et al., 2016;
Bahdanau et al., 2019; Ruis et al., 2020).

5 A Roadmap for the Knowledge
Lifecycle

To resolve the bottlenecks in Section 4 and the
impedance mismatch, we build upon the framework
established by (Dhayalkar, 2025b) to propose an ac-
tionable three-stage knowledge lifecycle roadmap
that transcends lexical bridging.

5.1 Emergence (Pre-training): Structured
Residual Streams

Current pre-training paradigms rely on uncon-
strained geometric optimization. This reliance di-
rectly causes the structural and geometric interfer-
ence of factual knowledge observed during com-

plex reasoning tasks (Elhage et al., 2021; Bricken
et al., 2023). However, recent breakthroughs
in Representation Engineering demonstrate that
high-level concepts naturally manifest as stable
subspace directions or principal-eigenvector back-
bones within the transformer’s residual stream (Zou
et al., 2025; Park et al., 2024). Furthermore, models
can natively recover spatial separations that directly
map to structured human concept categories (Wang
et al., 2023; Li et al., 2023).

To formalize this phenomenon, we propose the
architectural development of Structured Residual
Streams. Rather than allowing facts to overlap ar-
bitrarily across the entire embedding latent space,
future architectures should introduce explicit graph-
theoretic inductive biases during pre-training (Pan
et al., 2024; Luo et al., 2025a). By applying regular-
ization penalties that enforce orthogonal subspaces
for distinct knowledge domains, discrete relational
structures could emerge natively within the contin-
uous weights. This would equip the model with an
inherent, mathematically insulated structure, pre-
venting the catastrophic crosstalk that currently de-
grades multi-hop reasoning (Frady et al., 2020).

5.2 Injection (Inference): Latent Sub-graph
Injection via VSAs

The industry standard of text-based retrieval is lim-
ited by tokenization bottlenecks and the high in-
fluence of the continuous parametric prior (Mallen
et al., 2023; Lewis et al., 2020). To bypass this,
we must shift from external lexical prompting to
Latent Sub-graph Injection. We propose utilizing
Vector Symbolic Architectures (VSAs) as the math-
ematical bridge to achieve this integration natively.

VSAs provide a well-defined algebraic frame-
work using operations like binding, bundling, and
permutation to represent complex discrete graph
data within unified high-dimensional vector spaces
(Kanerva, 2009; Kleyko et al., 2022). VSAs retain
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fixed-dimensional vectors that align naturally with
the native embeddings of the standard transformer
architecture (Smolensky, 1990). By encoding a
retrieved knowledge graph subgraph directly into
a VSA hypervector, researchers can inject explicit
role-filler bindings directly into the intermediate at-
tention layers of the foundation model at inference
time (Meng et al., 2022; Kanerva, 2009; Dhayalkar,
2025a). This bypasses the superficial text layer
and forces the model to condition its generation on
strict, mathematically bound relations rather than
probabilistic text prompts.

5.3 Updating (Editing): Orthogonal Subspace
Editing

The editability conflict requires a new mathemati-
cal approach to model updates. Current continuous
knowledge editing regimes suffer from a perfor-
mance decline in knowledge retention as sequential
edits increase (Meng et al., 2022; Mitchell et al.,
2022; De Cao et al., 2021). While recent meth-
ods have advanced the ability to update long-form
knowledge using dynamic weight adjustments, they
still grapple with coupling of the continuous vector
space (Yao et al., 2023; Zhong et al., 2024).

To guarantee localized factual updates without
neighborhood interference, we call for the formal-
ization of Orthogonal Subspace Editing. Recent
dissections of perturbation weights indicate that
disentangled and sparsified knowledge representa-
tions can alleviate performance degradation during
continuous editing (Hase et al., 2023). Building on
this insight, we hypothesize that by projecting tar-
geted factual edits strictly along orthogonal feature
directions that do not activate unrelated semantic
concepts, we can achieve updates that are math-
ematically equivalent to localized edge-insertion.
This theoretical direction would allow foundational
models to be patched dynamically and safely, fi-
nally bringing the reliable editability of symbolic
knowledge bases to neural parameter spaces (Pan
et al., 2024; Luo et al., 2025a; Meng et al., 2022).

6 Conclusion

Continuing to treat knowledge graphs merely as
external databases or retrieval dictionaries funda-
mentally limits the evolutionary trajectory of foun-
dation models. Throughout this paper, we have
demonstrated that the current industrial standard
of text-based retrieval acts only as a superficial
patch over a much deeper structural divide. We

defined this divide as the Impedance Mismatch, a
mathematical friction that occurs when attempting
to force rigid, deterministic graph relational struc-
tures into fluid, probabilistic embedding spaces.

By categorizing existing integration attempts
into a hierarchy of maturity, we revealed that nei-
ther lexical prompt injection nor continuous repre-
sentation alignment can preserve the strict logical
motifs required for reliable, multi-hop reasoning.
The true barriers to semantic fusion are not engi-
neering hurdles, but rather deep theoretical bot-
tlenecks. The saturation of differentiable logic,
the structural and geometric interference of con-
tinuous memory, and the fundamental asymmetry
of symbol grounding collectively prevent standard
transformer architectures from natively internaliz-
ing discrete symbolic structures.

To construct truly knowledgeable foundation
models, the research community must move be-
yond the paradigm of lexical bridging. We must
confront the fundamental mathematical friction be-
tween discrete certainty and continuous probability
directly at the architectural level. By pursuing struc-
tured residual streams, latent sub-graph injection
via vector-symbolic architectures, and orthogonal
subspace editing, we can transition from models
that mimic factual recall to systems that genuinely
harbor structured, editable knowledge. Resolving
this impedance mismatch is the necessary next step
in the knowledge lifecycle, enabling a future where
the precision of symbolic logic and the expressivity
of parametric memory are seamlessly and mathe-
matically fused.

Limitations

While this paper establishes a rigorous mathemat-
ical foundation for neuro-symbolic integration, it
focuses strictly on formal analysis and does not
include empirical experiments. Consequently, our
proposed frameworks currently serve as theoreti-
cal blueprints. Bridging these formalisms, such
as Structured Residual Streams and VSA injection
into scalable training regimes, represents a natural
next step for empirical research. Additionally, be-
cause our models assume perfectly deterministic
knowledge graphs, future work must explore how
these strict geometric constraints adapt to the noise
and contradictions inherent in real-world knowl-
edge bases.
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Abstract

Large Language Models (LLMs) are reshaping
unsupervised learning by offering an unprece-
dented ability to perform text clustering based
on their deep semantic understanding. How-
ever, their direct application is fundamentally
limited by a lack of stateful memory for itera-
tive refinement and the difficulty of managing
cluster granularity. As a result, existing meth-
ods often rely on complex pipelines with ex-
ternal modules, sacrificing a truly end-to-end
approach. We introduce LLM-MemCluster, a
novel framework that reconceptualizes cluster-
ing as a fully LLM-native task. It leverages a
Dynamic Memory to instill state awareness
and a Dual-Prompt Strategy to enable the
model to reason about and determine the num-
ber of clusters. Evaluated on several bench-
mark datasets, our tuning-free framework sig-
nificantly and consistently outperforms strong
baselines. LLM-MemCluster presents an ef-
fective, interpretable, and truly end-to-end
paradigm for LLM-based text clustering.

1 Introduction

Text clustering, a cornerstone task in Natural Lan-
guage Processing (NLP), aims to automatically or-
ganize a collection of documents into meaning-
ful groups based on content similarity. This un-
supervised learning technique is pivotal for large-
scale knowledge discovery and information orga-
nization, with its utility demonstrated in applica-
tions ranging from structuring massive document
archives to analyzing the collective voice of on-
line communities (Zhou et al., 2024; Hadifar et al.,
2019). Traditional clustering methods, such as K-
Means (Jin and Han, 2017; Sinaga and Yang, 2020)
or hierarchical clustering (Sahoo et al., 2006; Ran
et al., 2023), typically operate on vector-space rep-
resentations like TF-IDF (Bafna et al., 2016) or,
more recently, pre-trained text embeddings from

*Corresponding author.

benchmarks like MTEB (Muennighoff et al., 2023).
While these approaches are effective, a notable lim-
itation (Ezugwu et al., 2022) is their reliance on
either handcrafted features or domain-specific fine-
tuning to achieve optimal performance.

The advent of Large Language Models (LLMs)
with powerful semantic understanding and rea-
soning capabilities, such as GPT-4, Gemini, and
DeepSeek (Achiam et al., 2023; Team et al., 2023;
Liu et al., 2024), has introduced a new paradigm
for text clustering. Current research, however, has
largely focused on hybrid frameworks that em-
ploy LLMs in auxiliary roles to enhance traditional
embedding-based pipelines. These applications in-
clude enriching text representations (Wang et al.,
2024), refining cluster assignments (Feng et al.,
2024), and supervising the fine-tuning of external
embedding models (Zhang et al., 2023). While in-
novative, these methods’ reliance on external com-
ponents precludes fully LLM-native clustering.

However, using LLMs as standalone clustering
agents reveals two fundamental architectural chal-
lenges. The first is a direct conflict between op-
erational requirements and model design: the lim-
ited context window necessitates processing large
datasets in batches, yet the models’ inherent state-
lessness prevents memory retention across these
batches. This contradiction is a primary hurdle for
achieving coherent and stable cluster assignments.
This problem is further compounded by a second
critical challenge: controlling clustering granular-
ity. Without an explicit mechanism for guiding the
partitioning process, LLMs tend to produce arbi-
trary and unstable topic partitions, as they lack an
intrinsic method to determine a suitable degree of
specificity. These limitations highlight the need
for a framework that can impose statefulness while
actively steering the clustering process.

To address these challenges, we introduce a
novel framework for text clustering named LLM-
MemCluster. This approach leverages large lan-
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guage models, requires no model fine-tuning or in-
tegration with traditional algorithms, and is driven
by two key innovations—each specifically de-
signed to address the aforementioned limitations.

1. Dynamic Memory Mechanism: We intro-
duce a memory mechanism that maintains
a dynamic set of cluster labels within the
prompt. This evolving memory state trans-
forms the LLM into a state-aware clustering
agent that can iteratively assign documents to
existing clusters, create new ones for distinct
topics, and merge and refine the cluster labels
to ensure global consistency.

2. Granularity Control Mechanism: To ac-
tively guide the LLM in determining a suitable
number of clusters, we employ two distinct
prompting modes. A strict prompt encour-
ages the consolidation of the existing cluster
memory into broader categories, whereas a
relaxed prompt fosters the discovery of more
fine-grained topics. This dual-mode strategy
enables the framework to explore different
levels of granularity, ultimately achieving a
stable and well-justified cluster count.

Our comprehensive experiments on several pub-
lic benchmark datasets demonstrate that LLM-
MemCluster significantly outperforms both tra-
ditional embedding-based methods and existing
LLM-enhanced baselines across multiple standard
evaluation metrics. These findings validate our
framework as an effective solution for text cluster-
ing, harnessing the potential of end-to-end LLMs.

In summary, our contributions are threefold:

• Dynamic Memory Mechanism overcoming
inherent LLM statelessness and facilitating
the iterative refinement of cluster quality.

• Granularity Control Mechanism employing a
novel dual-prompt strategy to ensure precise,
user-guided control of cluster granularity.

• State-of-the-art performance on multiple stan-
dard clustering benchmarks, demonstrating
robust, fine-tuning-free generalization across
a diverse spectrum of both proprietary and
open-source large language models.

2 Method

2.1 Problem Formulation
Text clustering aims to automatically organize a
collection of documents into meaningful groups

based on content similarity. Formally, given an un-
labeled text corpus, D = {x1, x2, . . . , xN}, the
objective is to derive a partition of the corpus,
C = {C1, C2, . . . , CK}. This partition consists of
K clusters, where each cluster Ck is a subset of the
original corpus D, formally defined as:

Ck = {xj ∈ D | lj = k}

Here, lj represents the label assigned to instance xj .
The final partition covers all instances, with mutu-
ally exclusive clusters. The number of clusters, K,
is dynamically determined, satisfying 1 ≤ K ≤ N .

2.2 Framework Overview

We propose LLM-MemCluster, a novel frame-
work that leverages API calls to a large language
model (LLM), eliminating the need for model fine-
tuning or integration with traditional algorithms.
As illustrated in Figure 1, our framework is de-
signed to directly address two principal challenges:
the statelessness of LLMs and the inherent ambigu-
ity in determining the number of clusters.

The architecture of LLM-MemCluster is cen-
tered on two synergistic innovations: a Dynamic
Memory mechanism that endows the LLM with
a functional state, and a Dual-Prompt Strategy
for active control over clustering granularity. The
framework processes each text instance from D
sequentially. Throughout this process, it maintains
a dynamic set of assignments A = {(xj , lj)}Nj=1,
recording the label lj for each instance xj . This set
A is crucial for the iterative refinement and is used
to produce the final partition C.

2.3 Stateful Clustering via Dynamic Memory

The inherent statelessness of contemporary LLMs,
confining their operational memory to a single con-
text window, presents a significant challenge for
iterative tasks. In clustering, this leads to inconsis-
tent assignments and redundant clusters. Our Dy-
namic Memory mechanism addresses this by pro-
viding the LLM with a persistent working memory
of the evolving cluster landscape. Our framework
operates in a single pass, efficiently completing the
clustering ofN instances in exactlyN steps, unlike
iterative methods like K-Means.

The memory module, denoted asMmem, main-
tains a dynamically updated set of descriptive
labels representing the discovered clusters (e.g.,
“Arts”, “Science”). At each step i (for i =
1, . . . , N ), the framework processes instance xi.
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Figure 1: An overview of our proposed LLM-MemCluster framework. This figure illustrates the core iterative
process, which is driven by a Dynamic Memory mechanism and the Dual-Prompt Strategy.

Let Mi−1 be the memory state before this step.
The core operation is to invoke the LLM, mod-
eled as a function FLLM, with a prompt con-
structed from the current instance xi, the mem-
ory stateMi−1, and the active mode (detailed in
Section 2.4). Conceptually, the LLM returns a
structured tuple containing an assignment label li
and an optional merge suggestion si. A merge
suggestion has the form (Lold, lnew); for example,
si = ({“ML”, “DL”}, “AI”) proposes consolidat-
ing existing labels. Formally:

(li, si) = FLLM(xi,Mi−1,modei). (1)

The framework uses the returned label li and
merge suggestion si to update its state, cycling
through three core operations:

• Reuse or Create. For each text instance xi,
our framework constructs a prompt contain-
ing the current set of labels fromMi−1. The
LLM’s primary directive is to either reuse an
existing label for xi or create a new label if the
text represents a fundamentally distinct topic,
yielding the intermediate memory stateM′

i:

M′
i =

{
Mi−1 ∪ {li} if li is a new label
Mi−1 otherwise

(2)

• Merge and Refine. A defining feature of our
framework is its capacity to direct the LLM to
propose a MERGE_SUGGESTION at any step, en-
abling proactive consolidation of semantically
similar or redundant labels. Crucially, this
is an optional, concurrent action rather than
a post-processing phase, allowing real-time
optimization of the label space. The mem-
ory stateMi is updated based on the merge
suggestion si = (Lold, lnew):

Mi =

{
(M′

i \ Lold) ∪ {lnew} on merge
M′

i otherwise
(3)

• Retroactive Update. Upon receiving a merge
suggestion, the framework updatesMmem and
retroactively re-maps historical assignments.
This ensures global consistency (detailed in
Appendix F). Specifically, any assignment
(xj , lj) ∈ A is updated to (xj , l

′
j), where:

l′j =

{
lnew if lj ∈ Lold

lj otherwise
(4)

This integrated cycle transforms the stateless LLM
into a state-aware clustering agent, ensuring both
local accuracy and global consistency. The process
is driven by a structured prompt (see Appendix A),
which instructs the LLM to return a primary as-
signment—either reusing or creating a label—and,
optionally, a merge suggestion.

2.4 Dual-Prompt Granularity Control

We introduce the Dual-Prompt Strategy to provide
users with a means of actively guiding the final
clustering granularity. This approach addresses the
canonical challenge of steering the final number of
clusters (K) to align with user-defined goals, and
is implemented as a dedicated control layer that
actively regulates the cluster count. By doing so,
the strategy ensures the final partition conforms to
user expectations or the data’s intrinsic structure.

This strategy modulates the LLM’s propensity
for new label creation by dynamically switching
between two prompting modes. The mechanism is
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guided by a user-defined target range for the clus-
ter count, [Kmin,Kmax]. While the entire range
is provided to the LLM as a contextual guideline
for its decision-making, the programmatic switch
between modes is triggered by the upper bound,
Kmax. Specifically, the prompt mode for instance
xi is determined by the current cluster count:

modei =

{
Strict if |Mi−1| ≥ Kmax

Relaxed otherwise
(5)

This strategy uses two distinct prompt templates:

1. The Strict Prompt: Activated when the cur-
rent number of clusters meets or exceeds the
desired maximum, this mode incorporates
prescriptive constraints into the prompt, sig-
nificantly curtailing new label creation and
compelling the LLM to prioritize Reuse and
Merge. This raises the threshold for creating
new clusters, hindering their formation.

2. The Relaxed Prompt: As the default oper-
ational mode, this prompt is used when the
cluster count is within the desired range. It
grants the LLM greater latitude in label cre-
ation, allowing it to form new clusters for se-
mantically distinct topics as needed, thereby
facilitating cluster discovery.

By adjusting prompt constraints based on the real-
time cluster count, this strategy provides explicit
control over the final clustering granularity, prevent-
ing uncontrolled label growth or premature consol-
idation. The complete strict and relaxed prompt
templates are detailed in Appendix A. Finally, we
provide the detailed algorithmic pseudocode and a
computational complexity analysis in Appendix F.

3 Experiments

In this section, we evaluate our proposed frame-
work, LLM-MemCluster, through experiments
addressing the following research questions:

• RQ1: How does LLM-MemCluster perform
against a variety of strong clustering baselines
that employ different algorithms and state-of-
the-art text representations?

• RQ2: How do the Dynamic Memory and
Dual-Prompt Strategy components individu-
ally contribute to the overall effectiveness of
our proposed LLM-MemCluster?

• RQ3: How robust is the LLM-MemCluster
framework to variations in experimental con-
ditions, specifically the dual-prompt transition
threshold and the dataset execution order?

• RQ4: What is the generalization capability
of the LLM-MemCluster framework when its
foundational component is substituted with
different large language models?

3.1 Experimental Setup
3.1.1 Datasets
We evaluate our method on six public benchmark
datasets (Zhang et al., 2023), selected to cover a
wide range of text clustering challenges. As de-
tailed in Appendix B, these datasets span numerous
domains and feature a broad range of cluster counts
(K from 18 to 102), providing a robust testbed to
assess the generalization of our method.

3.1.2 Evaluation Metrics
We evaluate performance using three standard met-
rics, where higher values indicate better perfor-
mance and 1 denotes a perfect score:

• Accuracy (ACC): Calculates the percentage
of correctly assigned data points, based on
the optimal one-to-one mapping between pre-
dicted clusters and ground-truth labels.

• Normalized Mutual Information (NMI):
Measures the mutual information between pre-
dicted and true labels, normalized by their en-
tropies. It quantifies the statistical information
shared between the two assignments.

• Adjusted Rand Index (ARI): A chance-
adjusted measure of similarity between two
data clusterings. It is calculated based on the
proportion of sample pairs that are correctly
assigned to the same or different clusters.

3.1.3 Baselines
We assess effectiveness by benchmarking against
baselines from three distinct paradigms:

• Traditional Method: K-Means on TF-IDF
vectors, a classic baseline relying on sparse,
high-dimensional lexical features.

• Embedding-based Methods: We evaluate al-
gorithms representing three key approaches:
the centroid-based K-Means (Lloyd, 1982),
the density-based DBSCAN (Deng, 2020),
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and the graph-based Spectral Clustering (Ng
et al., 2001). We apply these methods to
instructor-large embeddings (Su et al.,
2023) alongside the established BERTopic
pipeline (Grootendorst, 2022).

• LLM-based Method: We compare against
ClusterLLM (Zhang et al., 2023), which uses
an LLM to generate pseudo-labels for training
a smaller sentence encoder, enabling a highly
scalable, multi-stage clustering approach. To
ensure reproducibility, we set the temperature
to 0 for all LLM-based experiments.

3.2 Main Results (RQ1)

As shown in Table 1, our framework, LLM-
MemCluster, establishes a new state-of-the-art in
unsupervised text clustering. On average, LLM-
MemCluster surpasses the strongest baseline, Clus-
terLLM, by absolute margins of 9.5% in ACC,
4.4% in NMI, and 17.3% in ARI. The frame-
work’s advantages are particularly evident on high-
cardinality datasets where conventional methods
tend to falter. For instance, on MTOP-I (K=102),
it achieves an ARI of 68.9—a 38.9-point improve-
ment over ClusterLLM. A similar 42.4-point gain
in ARI on FewNerd (K=58) further demonstrates
its effectiveness for semantically complex tasks.

These results offer a crucial insight: superior
clustering performance is not merely a function of
powerful text representations, but rather a result of
an architectural design that effectively leverages
these representations. This architectural depen-
dence highlights the fundamental limitations of
baseline methods. Embedding-based approaches,
such as Spectral Clustering, rely on static vectors
that, despite their quality, lack contextual adaptabil-
ity. Other LLM-based methods like ClusterLLM
treat the LLM as an external guide for knowledge
distillation, rather than as a dynamic agent within
the clustering process. This claim is further sub-
stantiated by our comprehensive generalization ex-
periments in RQ4 (Section 3.5).

In contrast, the success of LLM-MemCluster
is rooted in its novel architecture, which engages
the LLM as a direct and active agent within a
stateful, iterative process. The dynamic memory
mechanism enables the framework to build a co-
herent, evolving understanding of the cluster space.
This, in turn, allows the LLM to make adaptive,
context-aware decisions at each step. We argue
this direct and dynamic orchestration of the LLM’s

decision-making is the key innovation, allowing
our method to navigate nuanced semantic relation-
ships for more robust and accurate clustering.

3.3 Ablation Study (RQ2)
We conduct a comprehensive study to validate the
contributions of our framework’s modules. The
primary findings are summarized in Figure 2 and
analyzed in detail in the subsequent subsections.
Full numerical breakdowns for all experimental
variants are provided in Appendix C.

Memory and Grounding are Indispensable.
Figure 2a starkly highlights the critical roles of
memory and in-context examples. Deactivating the
Dynamic Memory (w/o Memory) causes a catas-
trophic performance degradation across all datasets,
validating that an external memory is essential for
overcoming LLM statelessness. The importance
of grounding the model with few-shot examples is
also evident, though its impact varies. Removing
them (w/o Few-shot) generally leads to a significant
ARI drop, a trend mirrored in Massive-D (from
53.8 to 44.0). However, the effect is exceptionally
pronounced on FewNerd, where the ARI collapses
from 53.1 to a mere 6.1. The stark performance
drop on FewNerd underscores that for semantically
complex domains, few-shot grounding is a prereq-
uisite for robust performance.

The Dual-Prompt Strategy is Highly Effective.
As shown in Figure 2b, the superiority of our dual-
prompt approach is evident, as variants relying on
a single prompt type consistently underperform the
full model. This pattern is not only clear on aver-
age—where the full model achieves a 45.4 ARI,
compared to 38.1 for the strict-only and 32.5 for
the relaxed-only variants—but is also robustly repli-
cated across individual datasets. For instance, on
Massive-D the full model’s 53.8 ARI significantly
exceeds the alternatives (43.1 and 37.0); a similar
trend is observed on FewRel (32.7 vs. 26.5 and
20.8). This consistent underperformance validates
our core design principle: a dynamic transition
from an exploratory to a consolidative phase is the
most effective strategy for reliably achieving opti-
mal clustering granularity.

To further analyze how optimal granularity is
achieved, Figures 2c to 2f illustrate the frame-
work’s adaptive behavior on representative datasets.
On Massive-I, the framework achieves a higher
ARI score via semantic splitting, producing more
clusters than the ground-truth by identifying fine-
grained sub-topics. Conversely, on the high-
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Method
ArxivS2S Massive-I MTOP-I Massive-D FewNerd FewRel AVG

ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI

K-Means-TF-IDF 12.1 31.7 1.2 31.1 49.8 8.4 31.7 55.3 16.0 43.9 44.2 10.5 11.1 37.7 1.0 23.1 36.1 4.2 25.5 42.5 6.9
DBSCAN 6.3 17.6 0.3 20.4 28.9 1.0 21.5 26.6 2.2 25.9 30.7 6.4 27.0 0.5 0.1 10.5 19.5 0.4 18.6 20.6 1.7
Spectral 25.1 48.0 9.2 60.5 72.9 38.7 39.2 68.8 27.8 54.1 64.7 33.0 34.0 42.0 9.3 35.4 51.5 15.7 41.4 58.0 22.3
BERTopic 17.9 39.2 1.8 52.5 70.0 32.5 35.8 64.1 15.9 52.6 56.2 29.3 34.9 40.3 11.7 31.1 50.7 9.7 37.5 53.4 16.8
K-Means-Inst 25.1 49.3 12.3 55.7 72.6 41.6 34.5 70.9 26.9 54.9 66.9 42.7 28.2 43.3 6.1 34.8 53.1 22.5 38.9 59.3 25.4
ClusterLLM 25.1 50.5 13.7 55.5 74.6 43.2 36.0 73.4 30.0 52.4 65.3 40.8 37.3 53.1 10.7 43.8 59.6 30.4 41.7 62.8 28.1
Our Method 28.4 57.4 16.3 54.8 73.5 47.9 64.0 77.5 68.9 57.6 67.7 53.8 59.3 63.3 53.1 43.2 63.6 32.7 51.2 67.2 45.4

Table 1: Comparison of LLM-MemCluster with baselines across six datasets using ACC, NMI, and ARI scores
(%). The best and second-best results are highlighted in bold and underlined, respectively. Baselines utilize
instructor-large embeddings (except K-Means-TF-IDF), while our method employs in-context learning and
ClusterLLM uses it to provide guidance (both utilizing the GPT-4.1 mini model).
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Figure 2: Comprehensive ablation study and adaptive clustering strategy comparison.

cardinality MTOP-I dataset, it performs semantic
consolidation, merging overly similar categories
to produce fewer clusters. Crucially, in both scenar-
ios, the Dual-Prompt strategy yields the solution
with the highest ARI score. This demonstrates
that the framework does not rigidly pursue a spe-
cific K but rather optimizes for semantic coherence,
adaptively deciding whether to split or merge, a
determination strictly contingent on the intrinsic
semantic properties of each dataset.

3.4 Robustness Analysis (RQ3)
To address RQ3, we evaluate the robustness of
LLM-MemCluster against variations in experimen-
tal conditions, specifically focusing on the hyperpa-
rameter sensitivity and the stability under random-
ized dataset execution orders.

Hyperparameter Sensitivity We first analyze
the sensitivity to the core hyperparameter: the
transition threshold for the Dual-Prompt Strategy.
This threshold determines when the model switches
from the initial, exploratory relaxed prompt to the
subsequent, consolidative strict prompt. We opera-
tionalize this threshold as an offset applied to the
upper bound of the target range (Kmax). A positive
offset extends the exploratory phase, while a nega-
tive offset accelerates the consolidation process.

We evaluated a broad spectrum of offsets: -10,
0, +10, +50, +100, and +200. The results are
visualized in Figure 3, which plots performance
against different threshold offsets, with detailed
results in Appendix D.1. While the average perfor-
mance across all datasets (Figure 3c) shows rela-
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Figure 3: Hyperparameter sensitivity analysis of the prompt transition threshold, demonstrating robust and near-
optimal performance across a wide range of values for representative datasets and on average.

tively flat curves, this stability is even more evident
on individual datasets. For instance, on FewNerd
(Figure 3b), the ARI score is exceptionally stable,
fluctuating only minimally between a peak of 53.1
(default offset) and a low of 49.4. Even on Massive-
D (Figure 3a), which exhibits more variance, per-
formance peaks at an offset of 0 (53.8 ARI) and
remains competitive across a wide range.

Notably, the framework performs well even at
the extremes. An extended exploratory phase (off-
set +200) yields a strong ARI of 44.0 and the high-
est average NMI of 67.5. Conversely, an acceler-
ated transition (offset -10) also maintains a robust
42.6 ARI. This resilience at the boundaries, mir-
rored across representative datasets, highlights the
inherent robustness and self-correcting capacity
of the dual-prompt mechanism, which adapts ef-
fectively to minor variations in the consolidation
timing and control process.

Seed Robustness Beyond hyperparameter set-
tings, we also examine the stability of our method
under different dataset execution orders. This is
a critical factor for stream clustering algorithms,
where the processing sequence can inherently influ-
ence the resulting cluster integrity. We conducted
experiments using 5 random seeds to simulate per-
muted input streams and report the mean and stan-
dard deviation in Appendix Table 7. The results
demonstrate that LLM-MemCluster maintains con-
sistent performance regardless of the input order.
The standard deviation of the ARI scores remains
low across all datasets, specifically falling within a
tight 5% margin. For example, on Massive-I and
MTOP-I, the standard deviations are merely 2.85%
and 3.75%, respectively. This low variance sta-
tistically confirms that our dynamic memory and

adaptive dual-prompt mechanisms work in concert
to resiliently capture global semantic structures in-
dependent of the local input sequence.

Consequently, our framework provides a prac-
tical advantage by delivering near-optimal, repro-
ducible results across diverse datasets without re-
quiring dataset-specific tuning or seed selection.

3.5 Generalization to Different LLMs (RQ4)

In addressing RQ4, we assess our framework’s gen-
eralization by evaluating it across a range of Large
Language Models, including GPT-4.1-mini (de-
fault), GPT-3.5-turbo, GPT-4.1, Gemini-2.0-flash,
Gemini-2.5-flash-preview-05-20, and DeepSeek-
V3-0324, thereby confirming its portability.

The results, presented in Table 2, highlight the
framework’s strong portability and robustness. Per-
formance remains exceptionally strong when other
high-capability models are used. For instance, sub-
stituting our default GPT-4.1-mini (45.4 ARI) with
the more powerful GPT-4.1 yields a nearly identical
ARI of 45.3. Similarly, competitive performance
is observed with Gemini-2.5-flash-preview-05-20
(44.5 ARI). The strong results from other models,
including DeepSeek-V3-0324 (38.7 ARI), confirm
our design’s successful generalization across a di-
verse set of LLM backbones.

The advantages of our design are most appar-
ent when paired with less capable models. For
instance, our framework achieves a 34.6 ARI using
Gemini-2.0-flash, significantly surpassing the 28.1
ARI of ClusterLLM, which uses the more capable
GPT-4.1-mini (Tables 2 and 1). This comparison
strongly indicates that our innovative design ap-
proach, rather than the underlying model’s intrinsic
capability, primarily accounts for the gains.
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Base LLM
ArxivS2S Massive-I MTOP-I Massive-D FewNerd FewRel AVG

ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI

GPT-4.1-M 28.4 57.4 16.3 54.8 73.5 47.9 64.0 77.5 68.9 57.6 67.7 53.8 59.3 63.3 53.1 43.2 63.6 32.7 51.2 67.2 45.4

GPT-3.5-T 35.9 59.5 19.8 43.5 70.0 38.2 52.6 75.0 54.0 55.0 65.4 45.1 42.0 62.9 24.8 25.2 49.9 14.6 42.4 63.8 32.8
GPT-4.1 29.8 60.4 18.6 64.0 77.3 54.6 67.8 80.9 69.3 52.8 69.5 47.3 59.1 73.4 51.1 48.4 69.4 30.8 53.6 71.8 45.3
Gemini-2.0-F 33.8 60.2 21.3 29.1 51.7 11.1 63.2 74.7 63.4 50.0 63.2 35.9 46.3 57.4 52.3 37.1 59.1 23.9 43.3 61.1 34.6
DeepSeek-V3 23.9 54.1 14.9 48.1 69.1 39.3 60.9 73.7 63.2 53.7 59.7 39.7 53.6 62.0 62.3 20.9 46.5 12.7 43.5 60.9 38.7
Gemini-2.5-F 34.8 68.4 24.9 50.6 77.3 41.6 60.3 80.4 60.5 54.5 67.4 43.8 65.7 76.4 59.4 48.3 70.4 36.9 52.4 73.4 44.5

Table 2: Generalization of the framework across large language models in ACC, NMI, and ARI (%). For brevity, we
abbreviate model names: GPT-4.1-M (GPT-4.1-mini), GPT-3.5-T (GPT-3.5-turbo), Gemini-2.0-F (Gemini-2.0-flash),
DeepSeek-V3 (DeepSeek-V3-0324), and Gemini-2.5-F (Gemini-2.5-flash-preview-05-20).

Beyond performance, we provide a detailed anal-
ysis of the monetary cost in Appendix E. A key
efficiency advantage of our design is that token
consumption is predominantly driven by the input
context, whereas the output completion tokens re-
main minimal. Given that completion tokens often
incur higher rates, this characteristic ensures that
monetary costs remain manageable and predictable,
even when scaling to premium models.

4 Related Work

4.1 LLM-Augmented Clustering

A prominent approach employs a Large Language
Model (LLM) as a high-level “oracle” to augment
or refine clustering pipelines that rely on external
models. These methods distill the LLM’s semantic
judgment to address specific, challenging parts of
the clustering process. For instance, Cequel (Wang
et al., 2025) generates pairwise constraints (Basu
et al., 2004) to guide a downstream clustering al-
gorithm. Other work focuses on refinement, where
LLMEdgeRefine (Feng et al., 2024) re-assigns am-
biguous “edge points” on the boundaries of ini-
tial clusters to enhance their integrity. A third ap-
proach, ClusterLLM (Zhang et al., 2023), leverages
an LLM to generate supervisory signals from con-
fusing document triplets to effectively fine-tune a
smaller, more efficient sentence encoder. While
pragmatic, these “LLM-as-oracle” frameworks are
hybrid solutions and do not constitute an end-to-
end generative clustering process.

4.2 End-to-End Generative Clustering

A more recent paradigm shift leverages LLMs as
standalone clustering agents, bypassing traditional
numerical algorithms. A representative approach
within this paradigm reframes clustering as a clas-
sification problem. The T-CLC framework (Huang
and He, 2025), for example, operates in two distinct

stages where it first prompts an LLM to generate
candidate labels. However, this approach relies on
a subset of ground-truth labels to seed the genera-
tion process, effectively shifting the task paradigm
towards semi-supervised learning. In contrast, our
work addresses the more challenging, fully unsu-
pervised setting where no prior knowledge of the
label space is available. Other related works have
focused on improving the prompting process. Ze-
roDL (Jo et al., 2025), for instance, first performs
an open-ended inference step to learn the dataset’s
underlying distribution and then incorporates this
meta-knowledge into a more data-aware prompt.
However, this approach still treats clustering as a
static inference task rather than a dynamic process
with a continuously evolving state.

Our work, LLM-MemCluster, builds upon a gen-
erative paradigm but introduces a novel framework
designed for efficient, iterative, single-pass clus-
tering. In contrast to the multi-stage or static-
inference approaches, it employs a Dynamic Mem-
ory to create a stateful process that continuously
refines the cluster space (Xu et al., 2025; Liu et al.,
2025). Furthermore, our Dual-Prompt Strategy
provides an explicit mechanism for active granular-
ity control throughout the process, addressing the
challenge of dynamically determining the cluster
count (Petnehazi and Aradi, 2025).

5 Conclusion

We introduce LLM-MemCluster, an end-to-end
text clustering framework using a Dynamic Mem-
ory and Dual-Prompt Strategy to operate as a state-
ful, iterative agent, addressing the core challenges
of LLM statelessness and cluster granularity. Its
robust architecture achieves state-of-the-art perfor-
mance, establishing an LLM-native paradigm that
advances beyond hybrid approaches to effectively
unlock LLM potential in unsupervised tasks.
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Limitations

Our framework entails specific trade-offs. First, it
relies on the instruction-following capabilities of
the LLM; while our approach is effective on ad-
vanced models, performance may vary on smaller
architectures unable to strictly adhere to complex
dual-prompt constraints. Second, as is inherent to
its single-pass streaming nature, it optimizes based
on the evolving memory state rather than perform-
ing multi-pass global refinement over the entire
dataset. Finally, although the user-defined target
range offers flexible granularity control, it neces-
sitates minimal domain knowledge regarding the
expected cluster distribution.
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A Unified Prompt Template

This section details the unified prompt template
at the core of our framework. As shown in Fig-
ure 4, the template integrates our Dynamic Mem-
ory by injecting the current Known labels, and
our Dual-Prompt Strategy via placeholders for
dynamic instructions. The specific content for the
[SYSTEM_GUIDELINE] and [USER_CONSTRAINT]
placeholders is provided in Figures 6 and 7.
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--- SYSTEM PROMPT ---
You are an expert text analysis and clustering specialist.
Your primary goal is to determine the underlying theme , topic ,
or relation type for each text input and assign it to an
appropriate category.

CORE PRINCIPLES:
- HIGHEST PRIORITY: Reuse existing labels whenever reasonably

possible to ensure consistency.
- NEW LABELS: Create ONLY AS A LAST RESORT when an input is

FUNDAMENTALLY NEW.
- MERGE: Suggest merging similar labels to improve conciseness.

[SYSTEM_GUIDELINE]

Figure 4: The unified prompt template (system prompt).

--- USER PROMPT ---
Known labels: [" label_1", "label_2", ...]

Examples:
Input: "Example text 1" -> Output: ASSIGNED_LABEL: "label_A"
Input: "Example text 2" -> Output: NEW_LABEL: "label_B"

Input to process: "text_to_cluster"

Instructions:
Your response must contain exactly one of the following primary lines:
- ASSIGNED_LABEL: <label_name >
- NEW_LABEL: <new_label_name > [USER_CONSTRAINT]

Optionally , you can also include the following line for consolidation:
- MERGE_SUGGESTION: MERGE: [" old_label "] INTO: [" new_label "]

RESPONSE FORMATTING:
- Exactly ONE 'ASSIGNED_LABEL:' OR 'NEW_LABEL:' line.
- Optionally , ONE 'MERGE_SUGGESTION:' line.

Figure 5: The unified prompt template (user prompt, with Known labels from dynamic memory).

[SYSTEM_GUIDELINE] Content
--------------------------
# Relaxed Mode (Default)
SOFT GUIDELINE: As an additional consideration , try to manage the overall list of

known labels such that the total number of unique labels ideally stays {
range_desc }. This is a soft guideline to influence label granularity; your
primary decision -making process (prioritize reuse , create new only if essential ,
suggest useful merges) remains paramount.

# Strict Mode
CRITICAL GUIDELINE: The total number of unique labels MUST be managed towards {

range_desc }. If approaching/exceeding the upper limit , new label creation is
SEVERELY RESTRICTED. You MUST aggressively reuse existing labels (interpret
their scope VERY broadly) and proactively seek merge opportunities.

Figure 6: Content for placeholder [SYSTEM_GUIDELINE]. Injected into Figure 4 based on the mode.

A.1 Dynamic Placeholder Content

Our framework modulates the prompt’s behavior
by programmatically switching between two op-
erational modes. Specifically, we dynamically
populate two placeholders: [SYSTEM_GUIDELINE]

(system-level guidance) and [USER_CONSTRAINT]
(user-specific constraints), as defined in Figure 4.
The actual content injected into these placeholders
consists of the detailed instructions and constraints
shown in Figures 6 and 7. The transition between
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[USER_CONSTRAINT] Content
-------------------------
# Relaxed Mode
CONSIDERATION: If current known labels approach or exceed {target_max_clusters},

please be very cautious about creating NEW_LABEL. Strongly prefer assigning to
an EXISTING label (interpret its scope broadly) or identifying a MERGE.

# Strict Mode
CRITICAL CHECK: If current known labels approach or exceed {target_max_clusters},

creating a NEW_LABEL is FORBIDDEN unless all other options are exhausted. You
MUST first attempt to assign to an EXISTING label (interpret its scope EXTREMELY
broadly) or identify a MERGE. Only if the input is unequivocally unique and NO

existing label can accommodate it even with the broadest interpretation , and NO
merge is possible , then , as a final resort , create a NEW_LABEL.

Figure 7: Content for placeholder [USER_CONSTRAINT]. Injected into Figure 4 based on the mode.

operational modes is governed by the number of
discovered clusters relative to a user-defined upper
bound, Kmax. The system operates in its Relaxed
Mode, employing soft advisory language, as long
as the cluster count remains below this threshold.
OnceKmax is reached or exceeded, the system tran-
sitions to Strict Mode, using restrictive language
to enforce the cluster cardinality.

B Dataset Overview

Table 3 lists the datasets used in our experiments,
detailing each one’s primary task or domain, the
total number of samples, and the number of ground-
truth clusters, denoted by K. We follow the exper-
imental setup of Zhang et al. (2023) and use their
processed versions of these datasets. The origi-
nal sources are as follows: ArxivS2S is adapted
from the MTEB benchmark (Muennighoff et al.,
2023), consisting of scientific abstracts; Massive-
I and Massive-D are subsets of the MASSIVE
dataset (FitzGerald et al., 2023), focusing on in-
tent detection and domain classification, respec-
tively; MTOP-I is derived from the MTOP bench-
mark (Li et al., 2021), specifically focusing on in-
tent classification; FewNerd is a large-scale, fine-
grained named entity recognition dataset (Ding
et al., 2021); and FewRel is a benchmark dataset for
few-shot relation classification (Gao et al., 2019).

C Detailed Ablation Study

C.1 Analysis of Component Effectiveness

Tables 4 and 5 provide the detailed quantitative
analysis comprehensively supplementing the abla-
tion study discussion in Section 3.3.

The Roles of Memory and Grounding Our re-
sults in Table 4 clearly validate that both Dynamic

Dataset Primary Task/Domain # Samples K

ArxivS2S Scientific Abstracts 3,674 93
Massive-I Intent Detection 2,974 59
MTOP-I Intent Detection 4,386 102
Massive-D Conversational Domain 2,974 18
FewNerd Named Entity Recognition 3,789 58
FewRel Relation Extraction 4,480 64

Table 3: Statistics of the datasets used in our experi-
ments. K denotes the number of ground-truth clusters.

Memory and few-shot grounding are critical for the
framework’s overall success.

• Dynamic Memory (w/o Memory): Deacti-
vating the memory module leads to a near-
total collapse in performance across all six
datasets. The average ARI consequently plum-
mets from 45.4% to a mere 6.1%. This con-
firms that an external, stateful memory is es-
sential to overcome the inherent statelessness
of LLMs for iterative tasks like clustering.

• Few-shot Grounding (w/o Few-shot): Re-
moving the few-shot examples also causes a
significant performance degradation, with the
average ARI dropping from 45.4% to 32.1%.
The effect is particularly dramatic on semanti-
cally nuanced datasets like FewNerd, where
the ARI score collapses from 53.1% to just
6.1%. This highlights that for complex do-
mains, providing in-context examples is cru-
cial for effectively guiding the model to pro-
duce accurate and consistent outputs.

Effectiveness of the Dual-Prompt Strategy By
conducting a cross-referenced analysis of the per-
formance metrics in Table 4 and the generated clus-
ters from Table 5, we can see how the Dual-Prompt

101



Method Variant
ArxivS2S Massive-I MTOP-I Massive-D FewNerd FewRel AVG

ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI

Default 28.4 57.4 16.3 54.8 73.5 47.9 64.0 77.5 68.9 57.6 67.7 53.8 59.3 63.3 53.1 43.2 63.6 32.7 51.2 67.2 45.4

w/o Memory 4.7 71.1 0.5 8.5 65.2 1.8 11.2 61.7 2.8 17.0 57.7 9.2 15.1 61.4 7.7 20.9 69.8 14.8 12.9 64.5 6.1
w/o Few-shot 28.1 58.5 17.0 50.2 70.9 43.5 61.4 74.3 60.5 55.5 65.7 44.0 27.3 48.7 6.1 33.5 55.3 21.2 42.7 62.2 32.1
w/o M+FS 4.2 71.0 0.4 18.5 67.4 11.9 23.1 65.2 18.5 11.7 55.4 5.5 4.3 57.2 0.2 5.3 66.2 1.2 11.2 63.7 6.3
Strict Prompt 18.6 49.0 12.1 52.6 69.7 42.3 56.8 74.8 57.1 50.2 67.6 43.1 57.8 62.6 47.5 38.1 64.1 26.5 45.7 64.6 38.1
Relaxed Prompt 17.5 60.6 10.0 54.7 74.3 45.5 65.4 78.3 67.3 41.7 65.4 37.0 39.4 52.1 14.7 33.7 56.6 20.8 42.1 64.5 32.5

Table 4: Ablation study of LLM-MemCluster supporting the analysis for RQ2. We report ACC, NMI, and ARI (%),
highlighting the importance of each component by comparing performance to the Default setting.

Method Variant ArxivS2S Massive-I MTOP-I Massive-D FewNerd FewRel

Ground-Truth 93 59 102 18 58 64

Dual-Prompt 159 97 80 60 68 122
Strict Prompt 70 86 41 50 66 89
Relaxed Prompt 1208 184 91 168 92 141

Table 5: Comparison of the number of clusters (K)
produced by different model variants.

strategy is superior to single-prompt variants.

• Relaxed Prompt Variant: This variant con-
sistently generates a vastly larger number of
clusters than the ground-truth (e.g., 1208 vs.
93 on ArxivS2S; 184 vs. 59 on Massive-I).
This tendency to over-split the data results
in poor semantic grouping and leads to the
lowest average ARI of 32.5%.

• Strict Prompt Variant: In contrast, the vari-
ant is overly conservative, often producing a
cluster count that is suboptimal for that dataset
(e.g., only 41 clusters for MTOP-I, where the
ground-truth is 102). While this consolida-
tion can be beneficial, it often merges distinct
topics, capping its average ARI at 38.1%.

• Dual-Prompt Strategy: The Dual-Prompt
demonstrates a powerful adaptive capabil-
ity. It navigates the trade-off between over-
splitting and over-consolidating, producing a
cluster count (e.g., 97 on Massive-I, 80 on
MTOP-I) that better reflects the underlying
data structure. This adaptive, dynamic control
over granularity is the key reason it achieves
the state-of-the-art average ARI of 45.4%,
outperforming both single-prompt baselines
by a significant margin.

D Detailed Robustness Analysis

D.1 Hyperparameter Sensitivity
Table 6 details the full numerical results supporting
the robustness claims in Section 3.4.

Overall Performance Stability The average per-
formance across all datasets demonstrates remark-
able stability. The average ARI remains high across
a wide spectrum of offsets, from an accelerated
transition (offset -10, ARI 42.6%) to a signifi-
cantly extended exploratory phase (offset +200,
ARI 44.0%). The peak performance is achieved
at the default offset of 0 (ARI 45.4%), but even
extreme variations do not lead to a collapse in per-
formance, underscoring the inherent self-correcting
nature of the Dual-Prompt strategy.

Dataset-Specific Robustness The framework’s
demonstrated robustness is not merely a statisti-
cal artifact of averaging; rather, it is consistently
evident at the individual dataset level.

• On FewNerd, a semantically complex dataset,
the ARI score proves to be exceptionally sta-
ble. It peaks at a high of 53.1% (offsets 0
and -10), while its lowest point remains a ro-
bust 49.4% (offset +10 and +50). This narrow
range of fluctuation powerfully highlights the
model’s ability to achieve consistent cluster-
ing results, regardless of potential minor tim-
ing adjustments in the consolidation phase.

• On Massive-D, which exhibits more variance,
performance still remains competitive. While
the peak ARI of 53.8% is at the default offset,
even an early transition (offset -10) yields a re-
spectable ARI of 40.7%, and a late transition
(offset +200) maintains an ARI of 45.9%.

• Notably, on some datasets like Massive-I,
strategically shifting to an earlier transition
(offset -10, ARI 52.4%) or a later one (offset
+200, ARI 52.3%) can even outperform the
default setting (ARI 47.9%), suggesting that
while the default is a strong general-purpose
choice, the framework is robust enough to ac-
commodate diverse data distributions.
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Offset
ArxivS2S Massive-I MTOP-I Massive-D FewNerd FewRel AVG

ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI

0 28.4 57.4 16.3 54.8 73.5 47.9 64.0 77.5 68.9 57.6 67.7 53.8 59.3 63.3 53.1 43.2 63.6 32.7 51.2 67.2 45.4

-10 27.4 57.0 15.9 58.2 72.9 52.4 59.7 75.5 63.4 50.1 66.9 40.7 61.4 63.9 53.1 41.6 63.7 30.5 49.7 66.6 42.6
+10 28.0 58.6 16.6 53.8 72.6 45.9 62.7 76.2 65.9 55.6 68.2 50.6 56.6 61.0 49.4 39.6 60.8 27.3 49.4 66.2 42.6
+50 25.0 56.7 14.2 55.0 74.6 48.8 61.2 76.1 66.2 53.2 67.1 48.5 56.6 62.8 49.4 39.1 60.8 27.0 48.3 66.3 42.4
+100 25.6 57.3 14.3 53.0 72.2 44.4 62.8 75.7 65.7 49.4 68.3 42.1 54.2 59.9 49.7 40.7 61.4 29.4 47.6 65.8 40.9
+200 27.7 61.5 16.7 57.9 74.4 52.3 63.7 76.9 68.2 51.5 68.4 45.9 55.8 61.9 50.8 42.0 62.2 30.5 49.8 67.5 44.0

Table 6: Hyperparameter analysis of the dual-prompt transition threshold. We report ACC, NMI, and ARI (%)
across various switching offsets, with the default setting (offset 0) included for comparison.

Dataset ACC NMI ARI

ArxivS2S 30.13±3.81 53.52±2.09 15.82±2.20
Massive-I 53.89±2.36 72.50±2.17 45.69±2.85
MTOP-I 64.46±2.28 79.50±0.40 67.14±3.75
Massive-D 63.16±2.77 69.48±1.72 53.38±4.05
FewNerd 64.04±2.47 69.99±2.30 61.86±2.06
FewRel 30.81±4.52 54.92±5.06 19.34±4.17

Table 7: Robustness results using Gemini-2.5-Flash-
Lite. Values represent mean ± std (%) computed over 5
random permutations of the dataset.

Table 6 confirms that LLM-MemCluster is not
dependent on precise hyperparameter tuning. Its
strong performance across a wide range of offsets
enables near-optimal results on diverse datasets
without laborious optimization.

D.2 Seed Robustness Under Randomized
Dataset Execution Order

Table 7 presents the stability of our framework un-
der randomized dataset execution orders. We report
the mean and standard deviation of ACC, NMI, and
ARI across five random seeds using Gemini-2.5-
Flash-Lite. These detailed statistics support the
findings in Section 3.4, confirming that the frame-
work achieves highly consistent performance inde-
pendent of the specific input sequence.

E Token Consumption and Cost

Table 8 details the token consumption and esti-
mated monetary cost incurred by our framework
using Gemini-2.5-Flash-Lite. We report the ag-
gregated input and output tokens for each dataset,
alongside the total cost derived from public pricing
at the time of experimentation ($0.10 per 1M input
tokens and $0.40 per 1M output tokens).

While tokenization and pricing vary across mod-
els, a consistent structural feature of our framework
is that operational costs are predominantly driven

Dataset Input Tokens Output Tokens Total Cost (USD)

ArxivS2S 4,495,870 32,969 0.46
Massive-I 3,590,409 25,027 0.37
MTOP-I 4,537,051 33,653 0.47
Massive-D 3,231,711 31,226 0.34
FewNerd 4,821,283 33,393 0.50
FewRel 5,451,649 42,872 0.56

Total 26,127,973 199,140 2.70

Table 8: Token consumption and estimated cost for
running LLM-MemCluster with Gemini-2.5-Flash-Lite
on each dataset. Input token price is $0.10 per 1M
tokens and output token price is $0.40 per 1M tokens.

by inexpensive input tokens, whereas the volume
of costly output tokens remains minimal.

F Algorithmic Implementation and
Computational Complexity

The procedural implementation of our framework
is detailed across two algorithms. Algorithm 1 de-
scribes the core, single-step clustering operation,
which encapsulates the Dynamic Memory mecha-
nism. Algorithm 2 then presents the main workflow
of LLM-MemCluster, illustrating how the core op-
eration and the Dual-Prompt Granularity Control
are integrated to process the entire dataset.

LLM-MemCluster processes a corpus of N in-
stances in a single, deterministic pass. For each
instance, the primary computational costs stem
from the LLM API call, CLLM , and a potential
retroactive update. A retroactive update incurs
a cost of O(i) at step i. While the theoretical
worst-case complexity is O(N2), empirical evi-
dence consistently shows that merge events are re-
markably rare (averaging fewer than 2 per dataset
in our experiments with Gemini-2.5-Flash-Lite).
Consequently, the effective complexity remains
near-linear, O(N · (CLLM + Cupdate)), avoiding
the non-deterministic convergence behavior inher-
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Algorithm 1 Core Clustering Operation
Input: Text instance xi; Memory of labelsMmem;
Assignments A; Prompting mode (Relaxed/Strict)
Output: Updated (Mmem,A)

1: Lseen ←Mmem
2: (li, si)← FLLM(xi,Lseen,mode) Eq. (1)

3: A ← A∪ {(xi, li)}
4: if li /∈ Lseen then
5: Add li to memoryMmem Eq. (2)

6: end if
7: if si is not null then
8: Lold, lnew ← Extract labels from si
9: Mmem ← (Mmem\Lold) ∪ {lnew} Eq. (3)

10: for each (xj , lj) ∈ A do
11: if lj ∈ Lold then
12: lj ← lnew Eq. (4)

13: end if
14: end for
15: end if

Algorithm 2 LLM-MemCluster Workflow
Input: Unlabeled text corpus D = {x1, . . . , xN};
LLM FLLM; Target K range [Kmin,Kmax]
Output: A partition of the corpus, C.

1: Initialize memory Mmem ← ∅ and assign-
ments A ← ∅

2: CoreOp updatesMmem and A in-place.
3: for each text instance xi in D do
4: if |Mmem| ≥ Kmax then
5: mode← Strict
6: else
7: mode← Relaxed
8: end if
9: CoreOp(xi,Mmem,A,mode)

10: end for
11: Generate the final partition C by grouping all

instances in A by their assigned label
12: return Final partition C

ent to iterative algorithms like K-Means.
In contrast to contemporary methods like Clus-

terLLM, which employs a multi-stage pipeline to
fine-tune a separate encoder, our framework is a
unified, single-pass procedure. This design avoids
the costly overhead of intermediate model training
and multiple algorithmic phases.
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Abstract
Dense retrievers excel at first-stage candidate
generation but lack effective reranking in zero-
resource settings. Existing approaches face a
fundamental dilemma: cross-encoders deliver
strong reranking quality but require costly su-
pervised training and incur high latency, while
unsupervised BM25 reranking consistently de-
grades dense retrieval performance on most of
BEIR benchmarks. We propose DART (Dense
Adaptive Reranking at Test-time), which re-
solves this dilemma by adapting the scoring
function at inference time. For each query,
the top-ranked documents serve as pseudo-
positive examples and the bottom-ranked as
pseudo-negative examples, providing noisy but
readily available supervision to adapt a bi-
linear scoring matrix W via a small number
of gradient updates. We further introduce a
confidence-weighted margin loss and a cross-
query momentum buffer that warm-starts adap-
tation across queries. On six BEIR bench-
marks, DART achieves a mean per-dataset rela-
tive NDCG@10 gain of +2.1% over the dense
retrieval baseline with under 10ms additional
latency per query, demonstrating a powerful
capability for zero-shot performance enhance-
ment and cross-domain generalization.

1 Introduction

The modern information retrieval pipeline is typ-
ically organized as a two-stage cascade: a fast
first-stage retriever narrows the corpus to a candi-
date set, which is then reranked by a more precise
but computationally expensive model (Lin et al.,
2022; Guo et al., 2020). Bi-encoder dense retriev-
ers (Karpukhin et al., 2020; Reimers and Gurevych,
2019) have become the standard first stage, offering
strong recall with sub-millisecond per-document
scoring. However, reranking remains an open prob-
lem in zero-resource deployments where no labeled
relevance judgments exist for the target domain.

Supervised rerankers address this with extra
training. Cross-encoders (Nogueira and Cho, 2019;

Nogueira et al., 2020) jointly attend to query and
document, achieving high accuracy at the cost of
200–500ms latency and substantial labeled data.
Recent LLM-based rerankers (Sun et al., 2023;
Weller et al., 2025) push accuracy further but am-
plify both requirements. In the absence of train-
ing data, practitioners typically fall back to the
dense retrieval ranking itself—forgoing any rerank-
ing step entirely—because no lightweight, reliable
alternative exists. This is especially true in deploy-
ments built entirely around vector databases (John-
son et al., 2019), where only dense embeddings are
indexed and lexical systems such as BM25 (Robert-
son and Zaragoza, 2009) are not available.

We observe that a useful supervision signal is
already present at inference time, without any exter-
nal resource: the ranked list produced by the dense
retriever itself. The top-ranked documents for a
given query are likely relevant; the bottom-ranked
are likely not. Although this pseudo-labeling is
noisy, it captures query-specific relevance struc-
ture that the fixed, query-agnostic cosine scoring
function cannot exploit. This motivates a Test-Time
Training (TTT) approach (Sun et al., 2020; Liu
et al., 2021): rather than modifying query or docu-
ment representations, we adapt the scoring function
directly for each incoming query using only its own
retrieved candidates as supervision.

We propose DART, which frames reranking as a
per-query optimization problem. Given a query, we
initialize a bilinear scoring matrixW to the identity
and perform a small number of gradient steps using
a confidence-weighted margin loss over pseudo-
labeled positives and negatives drawn from the top-
K retrieved documents. We additionally introduce
a cross-query momentum buffer that accumulates
adaptation signals across the query stream to warm-
start each new query, and a dataset-adaptive opti-
mizer selection strategy that balances convergence
speed against pseudo-label noise. Evaluated on
six BEIR benchmarks (Thakur et al., 2021), DART
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achieves a mean per-dataset relative NDCG@10
gain of +2.1% over the dense retrieval baseline with
under 10ms latency per query.

Our contributions are summarized as follows:

• We propose DART, a principled TTT frame-
work for zero-resource dense retrieval rerank-
ing that adapts a bilinear scoring matrix at
inference time using pseudo-labels derived
directly from the dense retrieval ranking, re-
quiring no external resource.

• We empirically demonstrate that DART im-
proves over the dense retrieval baseline on
five of six BEIR benchmarks with a mean per-
dataset relative NDCG@10 gain of +2.1%
and under 10ms additional latency per query.

• We provide interpretability analysis show-
ing that W updates concentrate in a low-
dimensional subspace correlated with query
difficulty, providing empirical evidence for
the structural basis of cross-domain general-
ization.

2 Related Work

2.1 Neural Reranking
Neural reranking has evolved through three gen-
erations. Early cross-encoder models (Nogueira
and Cho, 2019) apply BERT (Devlin et al., 2019)
to jointly encode query-document pairs, achiev-
ing strong performance at the cost of high la-
tency. MonoT5 (Nogueira et al., 2020) reformu-
lates reranking as a sequence-to-sequence gener-
ation task. ColBERTv2 (Santhanam et al., 2022)
introduces late interaction to balance effectiveness
and efficiency. More recently, listwise Large Lan-
guage Model (LLM) rerankers (Sun et al., 2023;
Pradeep et al., 2023) leverage the in-context learn-
ing capabilities of LLMs. Weller et al. (2025) train
rerankers on reasoning traces from DeepSeek-R1
(DeepSeek-AI et al., 2025), achieving state-of-the-
art performance by exploiting test-time compute in
the form of chain-of-thought reasoning—a comple-
mentary direction to ours, which targets lightweight
parameter adaptation rather than extended genera-
tion. All supervised rerankers require labeled train-
ing data, limiting applicability in zero-resource do-
mains.

2.2 Unsupervised Domain Adaptation
GPL (Wang et al., 2022a) generates pseudo train-
ing pairs using a cross-encoder teacher for unsu-

pervised domain adaptation, but still requires of-
fline training. AugTriever (Zhuang et al., 2023)
constructs pseudo query-document pairs via query
extraction and generation for unsupervised retrieval
pretraining. Meng et al. (2022) propose relevance-
aware contrastive pretraining that weights pseudo-
positive pairs by estimated relevance, improving
Contriever (Izacard et al., 2021) on BEIR (Thakur
et al., 2021) without labeled data. UDAPDR (Saad-
Falcon et al., 2023) uses LLMs to generate domain-
specific queries for zero-shot dense retrieval adap-
tation. These methods improve the retrieval model
itself through data augmentation and pretraining;
DART instead adapts the scoring function at infer-
ence time with no offline training.

2.3 Pseudo Relevance Feedback

Pseudo Relevance Feedback (PRF) (Lavrenko and
Croft, 2017) assumes the top-k retrieved docu-
ments are relevant and uses them to expand queries.
Dense PRF methods (Li et al., 2023) encode feed-
back documents and aggregate their embeddings
with the query embedding. ColBERT-PRF (Wang
et al., 2023) applies late interaction with pseudo-
relevant embeddings. PromptPRF (Li et al., 2025)
uses LLMs to extract structured features from top-
ranked documents offline, enabling small retrievers
to match larger ones. Wang et al. (2022b) show
that dense retrievers benefit from interpolation with
BM25, motivating our hybrid pseudo-label strategy.
Unlike PRF methods that modify query represen-
tations, DART modifies the scoring matrix—a dis-
tinct and complementary approach that preserves
the original query and document embeddings.

2.4 Test-Time Training

TTT (Sun et al., 2020) adapts model parameters at
inference time using self-supervised signals from
the test input. TTT++ (Liu et al., 2021) improves
stability through feature alignment. LoRA-based
TTT (Yu et al., 2023) and related work on TTT for
abstract reasoning (Akyürek et al., 2024) demon-
strate that even a handful of gradient steps on a test
instance can substantially improve performance. In
information retrieval, TTT has not been studied
as a reranking mechanism. The closest work is
Weller et al. (2025), which applies test-time com-
pute scaling rather than test-time parameter adap-
tation. DART is among the first methods to ex-
plore parameter-level TTT specifically for retrieval
reranking.
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Figure 1: Overall DART algorithm flowchart

3 Method

3.1 Setup

Let ϕ : Q → Rd and ψ : D → Rd be fixed,
pretrained query and document encoders (e.g., a
sentence transformer). Standard dense retrieval
scores a query-document pair by cosine similarity
after ℓ2-normalization:

s(q, d) = ϕ(q)⊤ψ(d). (1)

This scoring function implicitly treats all embed-
ding dimensions as equally important and indepen-
dent. However, for a specific query, certain seman-
tic dimensions are more discriminative than others.
For example, a query about “cardiovascular disease
prevention” should upweight dimensions encoding
health interventions and downweight dimensions
encoding economic or political concepts.

To enable query-specific reweighting of embed-
ding dimensions, we generalize the scoring func-
tion to a bilinear form:

sW (q, d) = ϕ(q)⊤Wψ(d), (2)

where W ∈ Rd×d is a transformation matrix. De-
composing W = I +∆W reveals that the adjust-
ment ∆W serves as a query-specific correction to
the identity mapping. Initializing W = I recov-
ers the standard cosine score exactly, providing a
natural starting point and a reliable baseline.

The core challenge is to estimate ∆W for each
query at inference time, using only the retrieved
documents as a source of noisy supervision, with-
out any labeled data.

3.2 Overall Framework

We treat the reranking task as an online optimiza-
tion problem. For an incoming query q, we first

retrieve its top-K documents using the initial scor-
ing function s(q, d). These top documents, albeit
noisy, provide a set of pseudo-positive and pseudo-
negative examples for adaptation (Lavrenko and
Croft, 2017). We then update W by minimizing a
loss function designed to pull relevant documents
closer and push irrelevant ones away, while regular-
izing W towards the identity to avoid overfitting.

To improve the robustness and convergence of
the online update, we introduce three components
that mirror a standard optimization pipeline:

1. Learning objective (Section 3.3): a loss with
confidence-weighted pseudo labels and an
adaptive margin.

2. Cross-query momentum (Section 3.4): tem-
poral regularizers (MetaInit and EMA) that
transfer knowledge across queries.

3. Optimizer selection (Section 3.5): a dataset-
driven selection between a conservative op-
timizer (Stochastic Gradient Descent, SGD)
and a more aggressive one (Lion (Chen et al.,
2023)).

The overall algorithm is illustrated in Figure 1.

3.3 Learning Objective
For a given query q, let the initial retrieval scores
of the top-K documents be s1 ≥ s2 ≥ · · · ≥ sK .
We treat the top npos documents as pseudo-positive
and the bottom nneg as pseudo-negative.

Confidence-weighted pseudo labels. To reduce
the impact of label noise, we assign soft weights to
the pseudo-positive and pseudo-negative examples.
Define the normalization constant for the positive
set:

Zpos =

npos∑

j=1

exp(sj/T ), (3)
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where T > 0 is a temperature hyperparameter that
controls the concentration of weights. The weight
of the i-th pseudo-positive document is then:

w+
i =

exp(si/T )

Zpos
, i = 1, . . . , npos. (4)

Similarly, for the pseudo-negative documents,
we define:

Zneg =
K∑

k=K−nneg+1

exp(−sk/T ), (5)

and the weight of the j-th pseudo-negative docu-
ment is:

w−
j =

exp(−sj/T )
Zneg

, j = K−nneg+1, . . . ,K.

(6)
These weights assign higher importance to exam-

ples with larger initial scores (for positives) or more
negative scores (for negatives), effectively focusing
the learning on high-confidence pseudo-labels.

Adaptive margin (AdaMargin). The loss func-
tion encourages a margin between the aggregated
scores of pseudo-positive and pseudo-negative doc-
uments. Because queries vary in difficulty, we
make the margin adaptive to the highest initial sim-
ilarity stop1 = s1:

margin(q) = αmar + βmar (1− stop1), (7)

where αmar and βmar are hyperparameters that de-
termine the base margin and the strength of the
difficulty-based adaptation.

Loss. Recall the bilinear scoring function
sW (q, d) = ϕ(q)⊤Wψ(d) (Section 3.1). We first
compute the total weighted score for the pseudo-
positive documents:

P =

npos∑

i=1

w+
i sW (q, di). (8)

Similarly, the total weighted score for the pseudo-
negative documents is:

N =
K∑

j=K−nneg+1

w−
j sW (q, dj). (9)

The ranking loss is then defined as:

Lrank = max
(
0, margin(q)− P +N

)
. (10)

We add an ℓ2 regularization term to keep W
close to the identity:

Lreg = λ∥W − I∥2F , (11)

where λ > 0 is a hyperparameter.
The total loss for the current query is:

L(W ) = Lrank + Lreg. (12)

3.4 Cross-Query Momentum
To transfer knowledge across queries and smooth
the parameter evolution, we maintain two comple-
mentary momentum-like states. Let t denote the
index of the current query. The transformation ma-
trix after updating query t is denoted W (t)

star.

Meta Initialization (MetaInit). We learn a
global initial matrix Wmeta that is passed from one
query to the next. Before updating query t, the
initial matrix is set to the meta parameter obtained
after processing the previous query:

W
(t)
init =W

(t−1)
meta .

After obtaining W (t)
star, we update the meta parame-

ter using the Reptile rule:

W
(t)
meta =W

(t−1)
meta + βmeta

(
W

(t)
star −W

(t−1)
meta

)
, (13)

where βmeta > 0 is a meta learning rate. This
provides an increasingly better starting point for
each new query, accelerating adaptation over time.

Exponential Moving Average (EMA). We main-
tain an exponentially decaying average of the trans-
formation matrices for stability:

W
(t)
ema = αema W

(t−1)
ema + (1− αema)W

(t)
star, (14)

with αema ∈ (0, 1) a decay hyperparameter. The
smoothed matrix W (t)

ema is used for re-ranking the
current query, which reduces the variance of the
updates.

Both states are carried over across the query
stream. MetaInit affects the initial value of the
next query, while EMA smooths the output of the
current query.

3.5 Optimizer Selection
The choice of optimizer directly affects how each
query’s loss is minimized and interacts with the
cross-query states. Based on empirical observa-
tions across diverse datasets, we provide guidelines
for selecting between two optimizers.
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SGD with momentum. SGD with momentum
(µ = 0.9) performs conservative updates:

vt+1 = µvt−η∇L(Wt), Wt+1 =Wt+vt+1, (15)

where η is the learning rate. This optimizer is
preferable when the initial dense retrieval is noisy
or the dataset suffers from high pseudo-label uncer-
tainty (e.g., TREC-COVID, SciFact), as it avoids
overfitting.

Lion optimizer. The Lion optimizer updates pa-
rameters using only the sign of the gradient:

Wt+1 =Wt−η·sign
(
β1mt+(1−β1)∇L(Wt)

)
, (16)

with mt an exponential moving average of past gra-
dients. Lion discards gradient magnitude, making
it robust to scale variations and often faster to con-
verge. It is more suitable for datasets where dense
retrieval already provides clean pseudo-labels (e.g.,
NFCorpus, FiQA, SCIDOCS, ArguAna (Thakur
et al., 2021)).

Practice. When no prior knowledge about the
dataset is available, we recommend a simple warm-
up adaptive strategy: process the first 50–100
queries with both optimizers, compare their av-
erage pseudo-label loss (Section 3.3), and select
the optimizer with the lower loss for the remaining
queries. This adds negligible overhead and elimi-
nates manual tuning. In our experiments, we report
the better result for each dataset following this rule
or the empirical guidelines above.

Pseudo-code. Algorithm 1 summarizes the com-
plete test-time adaptation for a single query.

4 Experiments

4.1 Experimental Setup
Datasets. We evaluate on six BEIR benchmark
datasets (Thakur et al., 2021) spanning diverse
domains: biomedical literature (NFCorpus, SCI-
DOCS, SciFact), financial QA (FiQA), argument
retrieval (ArguAna), and biomedical COVID-19
retrieval (TREC-COVID). Corpus sizes range from
3.6K to 171K documents, and dense retrieval base-
lines (NDCG@10) vary from 0.197 (SCIDOCS)
to 0.720 (SciFact), providing a challenging testbed
for zero-resource generalization.

Base retriever. We use BGE-small-en-v1.5
(Xiao et al., 2024) (dimension d = 384, 33M pa-
rameters) as the fixed dense retriever. This small

Algorithm 1 DART for One Query
Require: Query q; encoders ϕ, ψ; retrieval depthK; hyperpa-

rameters npos, nneg, T, αmar, βmar, λ, αema, βmeta, steps, η;
optimizer (SGD / Lion)

Ensure: Reranked list of K documents
Global state: Wmeta, Wema (initialized to I)

1: {(dk, sk)}Kk=1 ← RETRIEVETOPK(q,K), s1 ≥
s2 ≥ · · · ≥ sK , sk = ϕ(q)⊤ψ(dk)

2: P ← {d1, . . . , dnpos}, N ← {dK−nneg+1, . . . , dK}
3: // Confidence weights

4: w+
i ←

exp(si/T )∑npos
i′=1 exp(si′/T )

for each di ∈ P

5: w−
j ←

exp(−sj/T )∑
j′ exp(−sj′/T )

for each dj ∈ N

6: // initialize transformation matrix
7: W ←Wmeta

8: // Online gradient updates
9: for t = 1 to steps do

10: P ←
∑

di∈P
w+

i ϕ(q)
⊤W ψ(di)

11: N ←
∑

dj∈N
w−

j ϕ(q)
⊤W ψ(dj)

12: m← αmar + βmar (1− s1)
13: L ← max(0, m− P +N) + λ ∥W − I∥2F
14: W ← OPTIMIZERSTEP(W, ∇WL, η)
15: end for
16: W ⋆ ←W

17: // Update cross-query momentum
18: Wema ← αema Wema + (1− αema)W

⋆

19: Wmeta ←Wmeta + βmeta (W
⋆ −Wmeta)

20: // Rerank
21: return {dk} sorted descending by sWema(q, dk) =

ϕ(q)⊤Wema ψ(dk)

model ensures that improvements from DART
are not confounded by a strong base model and
matches realistic deployment constraints.

Baselines. We compare against several unsuper-
vised or training-free methods. Dense Retrieval
uses the same BGE-small encoder with cosine
similarity, serving as the lower bound. PRF-Vec
(Li et al., 2023) is a standard pseudo-relevance
feedback method that averages top retrieved doc-
ument embeddings. BM25 Rerank (Robertson
and Zaragoza, 2009) reorders the dense top-100
using lexical BM25 scores, providing a purely
sparse baseline. Recent training-free approaches in-
clude ASRank (Abdallah et al., 2025), ICR (Chen
et al., 2024) (based on Llama-3.1-8B), and InstUPR
(Huang and Chen, 2024). For reference, we also
report numbers from supervised dense retrievers
(e.g., ColBERT (Khattab and Zaharia, 2020), DPR-
MSMARCO (Xin et al., 2022), ANCE (Xiong et al.,
2020), MoDIR (Xin et al., 2022), TAS-B (Hofstät-
ter et al., 2021), ColBERTv2 (Santhanam et al.,
2022)) and the cross-encoder reranker MonoT5-
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Table 1: Results on six BEIR datasets. Abbreviations: NFC = NFCorpus; SCI = SCIDOCS; Argu = ArguAna;
COVID = TREC-COVID. ∗ Mean per-dataset relative change versus Dense Retrieval (BGE-small); negative values
for supervised methods reflect training on out-of-domain data. † Latency per query on NVIDIA RTX5090. ‡ Latency
estimated from the respective papers. § ICR Avg. and Avg. Gain computed over 5 datasets (ArguAna excluded).
¶ InstUPR Avg. and Avg. Gain computed over 5 datasets (ArguAna excluded). ∥ Results for methods not marked
with this symbol are from their original papers. Bold = column-wise best among all methods. “—” = not reported.

Method NDCG@10 per Dataset Overall

NFC SCI FiQA Argu COVID SciFact Avg. Avg. Gain ∗ Latency †

Supervised Dense Retrieval
ColBERT 0.305 0.145 0.317 0.233 0.677 0.671 0.391 −19.9% —
DPR-MSMARCO 0.208 0.108 0.275 0.414 0.561 0.478 0.341 −31.9% —
ANCE 0.237 0.122 0.295 0.415 0.654 0.507 0.372 −25.4% —
MoDIR 0.244 0.124 0.296 0.418 0.676 0.502 0.377 −24.4% —
TAS-B 0.319 0.149 0.300 0.427 0.481 0.643 0.387 −19.7% —
RocketQAv2 0.293 0.131 0.302 0.451 0.675 0.568 0.403 −18.7% —
SPLADEv2 0.334 0.158 0.336 0.479 0.710 0.693 0.452 −8.3% —
ColBERTv2 0.338 0.154 0.356 0.463 0.738 0.693 0.457 −7.3% ∼80ms

Supervised Reranking
MonoT5-base 0.378 0.154 0.376 0.476 0.796 0.675 0.476 −3.1% ∼600ms

Training-free Reranking
Dense Retrieval (BGE-small) ∥ 0.337 0.197 0.385 0.595 0.665 0.720 0.483 =0.0% <1ms
BM25 Rerank ∥ 0.302 0.156 0.220 0.371 0.685 0.588 0.387 −21.2% <2ms
ASRank 0.346 0.184 0.352 0.478 0.737 0.710 0.468 −3.8% ∼200ms ‡

ICR 0.347 0.171 0.381 — 0.728 0.761 0.478 § +0.8% § ∼200ms ‡

InstUPR 0.352 0.190 0.398 — 0.730 0.713 0.477¶ +2.6%¶ ∼200ms ‡

Test-time Adaptation
PRF-Vec (n=3) ∥ 0.347 0.203 0.371 0.602 0.663 0.710 0.483 +0.3% <2ms
PRF-Vec (n=5) ∥ 0.341 0.201 0.362 0.585 0.671 0.704 0.477 −1.0% <1ms
DART (Ours) ∥ 0.354 0.205 0.389 0.605 0.670 0.719 0.490 +2.1% <10ms

base (Nogueira et al., 2020); these are not appli-
cable in our zero-resource setting but illustrate the
potential of supervised training.

Hyperparameters. All hyperparameters are
fixed based on NFCorpus: npos = 5 is the num-
ber of pseudo-positive documents, nneg = 20 is the
number of pseudo-negative documents, K = 100
is the initial retrieval depth, T = 0.1 is the tem-
perature for confidence weighting, αmar = 0.1 and
βmar = 0.2 are the base margin and adaptation
strength, αema = 0.9 and βmeta = 0.1 are the EMA
decay rate and meta learning rate for cross-query
momentum, λ = 10−3 is the regularization coeffi-
cient, steps = 5 is the number of gradient updates
per query, and the learning rate η = 10−2. The op-
timizer is selected per dataset following the guide-
lines in Section 3.5. No dataset-specific tuning is
performed.

4.2 Main Results

DART improves over the dense retrieval baseline
on five of six datasets, achieving a mean per-dataset
relative gain of +2.1% NDCG@10 (Table 1). The

largest improvement is on NFCorpus (+5.0%),
where the baseline is weakest, with further no-
table gains on SCIDOCS (+4.1%) and ArguAna
(+1.7%). Modest gains are observed on FiQA
(+1.0%) and TREC-COVID (+0.8%). SciFact
is the only dataset where DART ties the baseline
(−0.1%, effectively no change), likely because the
high baseline score (0.720) leaves little headroom
for unsupervised adaptation.

Compared to PRF-Vec, which degrades on FiQA
and TREC-COVID and provides near-zero aver-
age gain (+0.3% for n=3), DART delivers con-
sistent improvements. BM25 Rerank is unreliable,
helping only on TREC-COVID while degrading
by −26% on average across the remaining five
datasets; DART outperforms it by +42% on those
five datasets.

Recent training-free LLM-based approaches
(ASRank, ICR, InstUPR) show average gains of
−3.8%, +0.8%, and +2.6% respectively, but re-
quire approximately 200ms per query (∼20× the
latency of DART). In contrast, DART runs in under
10ms per query on an NVIDIA RTX5090 GPU,
making it far better suited for real-time, latency-
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Table 2: Ablation study on four BEIR datasets. Gains are ∆NDCG@10 relative to Dense Retrieval.

Variant NFCorpus SCIDOCS FiQA ArguAna

NDCG@10 Gain NDCG@10 Gain NDCG@10 Gain NDCG@10 Gain

Dense Retrieval 0.337 =0.0% 0.197 =0.0% 0.385 =0.0% 0.595 =0.0%
Base online update (conf. weighting) 0.346 +2.7% 0.199 +1.0% 0.363 –5.7% 0.595 0.0%
+ AdaMargin 0.350 +3.9% 0.201 +2.0% 0.362 –6.0% 0.595 0.0%
+ EMA 0.351 +4.0% 0.199 +1.0% 0.378 –1.8% 0.596 +0.2%
+ MetaInit 0.348 +3.3% 0.197 0.0% 0.362 –6.0% 0.599 +0.7%
+ EMA + AdaMargin 0.355 +5.3% 0.203 +3.0% 0.378 –1.8% 0.597 +0.3%
+ EMA + MetaInit 0.349 +3.6% 0.197 0.0% 0.377 –2.1% 0.599 +0.7%
+ EMA + AdaMargin + MetaInit 0.353 +4.7% 0.202 +2.5% 0.377 –2.1% 0.605 +1.7%
+ EMA + AdaMargin + MetaInit + Lion 0.354 +5.0% 0.205 +4.1% 0.389 +1.0% 0.605 +1.7%

Table 3: Statistics of ∥∆W∥F on NFCorpus.

Statistic Min 25% Median 75% Max

Value 0.000 0.048 0.095 0.111 0.125

sensitive deployment.
Notably, DART surpasses all supervised dense

retrievers except ColBERTv2 and SPLADEv2 de-
spite using no training data. Figure 2 visualises
the full gain distribution across all methods: DART
is the only training-free method with no negative
outlier on any dataset.

4.3 Ablation Study
We evaluate the contribution of each component
on a representative subset of BEIR: NFCorpus,
SCIDOCS, FiQA, and ArguAna. Table 2 reports
NDCG@10 for variants that incrementally add the
modules described in Section 3, using steps=5. The
base online update refers to confidence-weighted
pseudo labels with a fixed margin. Gains are rela-
tive percentages over the dense retrieval baseline
of each dataset.

EMA is the most universally beneficial compo-
nent, yielding positive gains on all four datasets
and single-handedly recovering FiQA from −5.7%
(base) to −1.8%; this aligns with the query dif-
ficulty analysis (Section 5.3), which shows that
easy queries (high stop1) benefit most from smooth-
ing rather than aggressive per-query adaptation.
AdaMargin contributes most on NFCorpus, where
the wide spread of query difficulty (stop1 range 0.5–
0.9) makes fixed-margin training suboptimal. Lion
provides the largest single-step lift on SCIDOCS
(+4.1%) and FiQA (+1.0%) when added last, con-
sistent with its advantage on clean pseudo-label
distributions where sign-based updates (Chen et al.,
2023) converge faster than SGD under a small step
budget. The full DART model achieves the highest

average gain, confirming that the three components
are complementary rather than redundant.

5 Analysis

5.1 What Does W Learn?
We denote the update of the transformation matrix
after processing a query as

∆W =W ∗ − I, (17)

where W ∗ is the matrix obtained after online adap-
tation. The Frobenius norm ∥∆W∥F measures the
magnitude of the update.

We analyze the average update over 50 randomly
sampled test queries:

∆W =
1

n

n∑

i=1

∆Wi. (18)

Its singular value decomposition ∆W = UΣV ⊤

reveals a clear low-rank structure. The singular
value matrix Σ (only the largest few entries shown)
is

Σ =




0.0116 0 0 · · ·
0 0.0083 0 · · ·
0 0 0.0051 · · ·
...

...
...

. . .


 , (19)

where σ1 = 0.0116 accounts for 19.4% of the total
variation, and the top three singular values cumu-
latively explain 28.4% of the variance. In contrast,
a random matrix with the same Frobenius norm
would exhibit a much flatter spectrum, with each
of the 384 singular values approximately 0.0010.
This low-rank structure indicates that DART learns
structured semantic adjustments—rotating the scor-
ing geometry in a small number of task-relevant
directions—rather than making arbitrary perturba-
tions.
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Figure 2: Per-dataset ∆NDCG@10 relative to Dense Retrieval. Each point is one dataset; bars show the mean gain.

Table 4: Average ∥∆W∥F by stop1 on NFCorpus.

Interval [0.5, 0.6) [0.6, 0.7) [0.7, 0.8) [0.8, 1.0)

Mean ∥∆W∥F 0.107 0.108 0.081 0.060

5.2 How Much Does W Change?

The Frobenius norm of the identity matrix is

∥I∥F =
√
d =
√
384 ≈ 19.6. (20)

The updates ∆W remain very small in comparison.
Table 3 summarizes the distribution of ∥∆W∥F
across queries. The median update norm is only
0.095, about 0.5% of ∥I∥F , confirming that the
regularization term successfully constrains adap-
tation. The distribution is right-skewed, reflecting
the heterogeneity of query difficulty.

5.3 How Does Query Affect W Change?

Grouping queries by their top-1 retrieval similar-
ity stop1 reveals a basically monotonic relationship.
Table 4 reports the average ∥∆W∥F for four sim-
ilarity intervals. Difficult queries (lower stop1) re-
ceive larger updates, validating the adaptive margin
heuristic: the model naturally allocates more adap-
tation capacity to queries that need it most.

6 Conclusion

We presented DART, a zero-resource reranking
framework that adapts a bilinear scoring matrix at
inference time using confidence-weighted pseudo-
labels derived directly from the dense retrieval rank-
ing. On six BEIR benchmarks, DART achieves
a mean per-dataset relative NDCG@10 gain of
+2.1% over the dense retrieval baseline (under

10ms latency per query), demonstrating a power-
ful capability for zero-shot performance enhance-
ment and cross-domain generalization. The cross-
query momentum mechanism (MetaInit and EMA)
improves both robustness and convergence speed
across the query stream. Interpretability analysis
confirms that W updates are conservative, low-
rank, and correlated with query difficulty. Promis-
ing future directions include session-based retrieval
and cross-lingual retrieval, where the semantic-
lexical gap is even more pronounced.

Limitations

The dataset-adaptive optimizer selection strategy
requires processing 50–100 queries with both SGD
and Lion before committing to one. In practice,
SGD is the safer default: its conservative updates
yield neutral-to-positive gains across all tested
datasets. Lion is more aggressive—it can deliver
larger improvements on clean pseudo-label distri-
butions (e.g., NFCorpus, FiQA) but may produce
zero or negative gains on noisier settings such as
TREC-COVID. In truly single-pass or streaming
deployments where this warm-up is undesirable,
we recommend defaulting to SGD.

A second limitation concerns scalability to larger
encoders. DART currently optimizes a full d× d
matrix W , whose memory and per-query compu-
tation grow quadratically with the embedding di-
mension. For encoders with d ≥ 768 (e.g., large
BERT-family models), a low-rank parameteriza-
tion W = I +AB⊤ with A,B ∈ Rd×r and r ≪ d
would substantially reduce overhead without sac-
rificing performance; we leave this extension to
future work.
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Abstract

Vision-Language Models (VLMs) integrate vi-
sual and textual knowledge into unified repre-
sentations that increasingly underpin modern
retrieval and recommendation systems. How-
ever, it remains unclear how reliably these mod-
els utilize their cross-modal knowledge when
ranking multimodal items, and whether their
knowledge grounding can be subverted. In this
paper, we expose a fundamental vulnerability
in how VLMs apply multimodal knowledge for
product ranking: through Multimodal Genera-
tive Engine Optimization (MGEO), we show
that an adversary can manipulate a VLM’s rank-
ing decisions by jointly crafting imperceptible
image perturbations and fluent textual suffixes
that exploit the model’s internal cross-modal
knowledge coupling. Using an alternating op-
timization strategy, MGEO targets the deep in-
teractions between visual and linguistic repre-
sentations within the VLM, achieving rank ma-
nipulations that substantially exceed those of
unimodal attacks and heuristic baselines pow-
ered by strong commercial models. Our find-
ings reveal that surface-level content quality is
insufficient for rank promotion; instead, direct
alignment with the model’s internal knowledge
utilization mechanism is required. These re-
sults raise important questions on the faithful-
ness and robustness of knowledge grounding
in multimodal foundation models, and moti-
vate future work on defense mechanisms for
multimodal retrieval systems.

1 Introduction

Vision-language models (VLMs) (Bai et al., 2025b;
Liu et al., 2023; Bai et al., 2025a; Dubey et al.,
2024) have rapidly become the backbone of mod-
ern multimodal retrieval and recommendation sys-
tems (Zhou et al., 2025; Liu et al., 2024; Wei et al.,
2024). By fusing visual and textual knowledge into
unified cross-modal representations, these models
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Figure 1: Overview of multimodal ranking attack. A
malicious seller jointly optimizes subtle, imperceptible
perturbations in both the product image and text descrip-
tion to manipulate the VLM’s relevance scoring and
elevate the target item’s rank.

enable highly intuitive product search, recommen-
dation, and visual question-answering experiences.
In contemporary E-commerce marketplaces, for ex-
ample, a user’s query (e.g., “black running shoes”)
is matched against millions of multimodal prod-
uct listings, each consisting of an image and a de-
scriptive text, where a VLM-driven ranking mod-
ule synthesizes visual and linguistic knowledge
to determine the display order. While this deep
cross-modal knowledge integration significantly
improves relevance and user alignment, it raises
fundamental questions about the robustness and
faithfulness of such knowledge utilization, in partic-
ular whether the model’s knowledge grounding can
be subverted to produce manipulated outputs. This
introduces security vulnerabilities that are largely
unexplored.

Recent work has exposed the fragility of Large
Language Model (LLM)-based ranking pipelines
to textual adversarial manipulation (Hu, 2025). A
growing line of research demonstrates that mali-
cious actors can inject carefully crafted textual trig-
gers into website contents or product descriptions
to hijack search rankings without altering the un-
derlying model. Techniques range from rewriting
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content with persuasive cues to manipulate tool se-
lection (Nestaas et al., 2024), to optimization-based
attacks that iteratively refine prompts to maximize
retrieval likelihood (Tang et al., 2025; Zhang et al.,
2024; Xing et al., 2025; Li et al., 2026). While
these studies highlight significant risks to ranking
integrity, they suffer from a critical blind spot: they
operate exclusively within the text modality. This
unimodal focus ignores the rich visual signals that
VLMs heavily rely on, failing to capture the full
spectrum of vulnerabilities in multimodal retrieval
systems.

Conversely, adversarial attacks on VLMs have
predominantly focused on distinct tasks such as im-
age classification or safety alignment (jailbreaking),
rather than ranking manipulation. Existing research
has shown that perturbing images or prompts can
induce targeted misclassifications or elicit harmful
responses (Yin et al., 2023; Zhao et al., 2023; Li
et al., 2024). However, these attacks do not trans-
late directly to the ranking context, where even
minor score fluctuations can drastically alter user
exposure and revenue. Furthermore, prior threat
models often assume unrealistic capabilities, such
as full control over the user prompt or the ability to
inject conspicuous noise. In contrast, a real-world
malicious seller is constrained to modifying only
their own product listing and must do so while
maintaining strict plausibility to avoid detection by
human moderators.

To bridge this gap, we introduce Multimodal
Generative Engine Optimization (MGEO), the first
dedicated framework for multimodal ranking at-
tacks on VLM-based product search. We model
a realistic adversary who controls a single target
product and seeks to promote it to rank 1 by jointly
optimizing its textual description and visual ap-
pearance under rigorous stealth constraints: the
modified image must remain imperceptibly differ-
ent, and the modified text must remain fluent and
on-topic.

Technically, MGEO is a joint optimization
framework that exploits the cross-modal coupling
inherent in VLMs. On the text side, we adapt
gradient-based soft prompt optimization (Tang
et al., 2025) to the multimodal setting, treating
visual features as a fixed context to generate flu-
ent adversarial suffixes. On the image side, we
propose a Projected Gradient Descent (PGD) at-
tack tailored to the ranking objective, incorporating
spatial smoothness and magnitude constraints. Cru-
cially, rather than optimizing these modalities in

isolation, our method employs an alternating op-
timization strategy that iteratively refines the text
and image perturbations. This allows the attack
to leverage synergistic interactions between vision
and language, discovering robust adversarial sig-
nals that unimodal baselines miss.

We evaluate our approach on state-of-the-art
open-source VLMs in realistic product ranking sce-
narios. Beyond unimodal (text-only and image-
only) attacks, we include a realistic heuristic base-
line that reflects common seller behavior: leverag-
ing strong commercial generative models to refine
product descriptions and edit product images. Ex-
periments show that MGEO yields substantially
larger rank improvements than both unimodal at-
tacks and the prompt-based generative baseline,
revealing a previously unrecognized vulnerability
in VLM-based retrieval systems. Our main contri-
butions are summarized as follows:

• We formulate the novel problem of multimodal
ranking attacks for VLM-based rerankers, estab-
lishing a realistic threat model where adversaries
jointly manipulate product images and text under
strict plausibility constraints.

• We propose Multimodal Generative Engine Op-
timization (MGEO), the first framework that
jointly perturbs both modalities to manipulate
VLM ranking outcomes.

• We develop MGEO, a unified adversarial frame-
work that integrates soft embedding optimization
for fluent text generation with constrained PGD
for imperceptible image perturbation, specifically
tailored to maximize retrieval rank.

• We introduce an alternating optimization algo-
rithm within MGEO that exploits cross-modal
interactions, and demonstrate that joint multi-
modal attacks substantially outperform text-only
attacks, image-only attacks, and a heuristic base-
line using strong commercial models.

2 Related Work

2.1 Adversarial Attacks on LLM-based
Ranking

The integration of LLMs into information retrieval
has spurred a new wave of research into "ranking
hijacking" or "generative engine optimization."

Early works focused on manual or semi-
automated strategies. (Nestaas et al., 2024) demon-
strated that injecting persuasive keywords or rewrit-
ing content to match specific stylistic cues can bias
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LLM-based tool selection. Similarly, LLM Whis-
perer (Lin et al., 2025) utilizes synonym substi-
tution to bias ranking outputs but relies on hard-
coded heuristics rather than gradient-based opti-
mization, limiting its adaptability.

More recent approaches treat ranking manipu-
lation as an optimization problem. StealthRank
(Tang et al., 2025) and (Zhang et al., 2024) pi-
oneered the use of gradient-guided search (e.g.,
Langevin dynamics) to craft fluent adversarial ad-
ditions that push target items up the ranking list
without triggering perplexity filters. RAF (Xing
et al., 2025) further refined this by employing
discrete token optimization for robust rank pro-
motion. CheatAgent (Ning et al., 2024) takes a
different approach, using an LLM agent to itera-
tively edit user prompts to bias black-box recom-
menders. At the corpus level, (Su et al., 2025)
proposed approximate greedy gradient descent for
poisoning dense retrieval corpora, demonstrating
that gradient-based manipulation extends beyond
individual documents to collection-level attacks.

While effective in text-only environments, these
methods fundamentally overlook the visual modal-
ity. In modern VLM-based search, relevance is
determined by the alignment between query and
multimodal features; thus, ignoring the image chan-
nel significantly restricts the attacker’s potential
impact and stealth.

2.2 Adversarial Robustness of
Vision-Language Models

As VLMs gain prominence, their security proper-
ties have come under scrutiny, primarily in classifi-
cation and generation contexts.

Seminal works, such as VLATTACK (Yin et al.,
2023), have demonstrated that fusing perturbations
across image and text modalities can effectively
break VLM alignment. Specifically, VLATTACK
employs a Block-wise Similarity Attack (BSA) loss
that maximizes the distance between benign and
adversarial feature representations—an untargeted,
feature-disruptive attack. (Zhao et al., 2023) sys-
tematically evaluated open-source VLMs, show-
ing that black-box access is often sufficient to in-
duce harmful responses. Additionally, Adversarial
Prompt Tuning (APT) (Li et al., 2024) has been
proposed to defend against such attacks.

Critically, these attacks are fundamentally untar-
geted or classification-oriented. Ranking manip-
ulation poses a distinct challenge: simply “break-
ing” the ranker through feature disruption is not

beneficial to a malicious seller, as random failures
may even demote the target. Instead, the attacker
must promote the target to rank 1 within a com-
petitive, zero-sum setting, requiring optimization
for ranking-sequence likelihood rather than feature
dispersion, combined with dual-modality stealth.
Our work addresses this gap.

3 Methodology

We propose Multimodal Generative Engine Op-
timization (MGEO), a white-box optimization
framework that jointly perturbs textual and vi-
sual inputs to manipulate rankings produced by
vision–language models.

3.1 Problem Formulation
3.1.1 VLM-Based Product Ranking System
We consider a ranking scenario where a Vision-
Language Model, denoted as Fθ, orders a set of n
candidate products P = {p1, p2, . . . , pn} based on
a user query q. Each product pi = (Ii, Ti) com-
prises a visual image Ii ∈ RH×W×3 and a tex-
tual description Ti. The VLM takes the query and
the multimodal product list as input and generates
a ranked sequence R = [σ(1), σ(2), . . . , σ(n)],
where σ : {1, . . . , n} → {1, . . . , n} is a permu-
tation function that orders products from most rec-
ommended (rank 1) to least recommended (rank n)
based on a user query q.

The R is obtained from the ranking function:
Fθ(P, q), where θ represents the parameters of the
pre-trained VLM. In our study, we focus on state-
of-the-art open-source VLMs, including Qwen2.5-
VL, which employ sophisticated cross-modal at-
tention mechanisms to fuse visual and linguistic
features for comprehensive product understanding.

3.1.2 Adversarial Threat Model
We address a targeted ranking attack where an ad-
versary controls a single product pt ∈ P (the “tar-
get”) and aims to promote it to the top, thereby
gaining unfair competitive advantage.

Attacker’s Goal. The attacker tries to craft ad-
versarial perturbations to the target product for:
σ(t) = 1, where σ(i) denotes the rank assigned to
product pi. That is, the target product should be
ranked first among all n products after the attack.

Attacker’s Capability. We assume the attacker
has white-box access to the vision–language model,
including its architecture, parameters, and gradi-
ents. In realistic deployment settings, the attacker
does not have access to the proprietary ranking
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model. Instead, the attacker relies on one or more
publicly available or open-sourced models with
similar architectures as surrogates for the unknown
ranker. The attacker can modify the target’s im-
age It and text Tt (appending adversarial suffix
δT : T adv

t = Tt ⊕ δT ), visual perturbations (adding
pixel-level noise δI : Iadv

t = It+δI ), or both modal-
ities jointly. The opt. objective is to maximize the
likelihood of a target ranking sequence R∗ (where
pt is at rank 1), subject to stealth constraints:

max
δI ,δT

P (R∗|P \ pt ∪ padv
t , q; θ) (1)

where δI and δT represent the visual and textual
perturbations, respectively.

3.2 Adversarial Text Generation
We adapt the gradient-based text attack framework
from StealthRank (Tang et al., 2025) to the multi-
modal VLM ranking context.

Unlike text-only LLMs, VLMs require joint
visual-textual inputs. We first preprocess all prod-
uct images into vision embeddings as an image
prefix Vfixed. During optimization, we construct
the complete multimodal input by concatenating
the fixed visual context with the textual compo-
nents: h = [Vfixed; etext], where etext contains the
system prompt, user query with product descrip-
tions, adversarial suffix, and assistant response pre-
fix, following the same structure as StealthRank.
We generate and optimize the adversarial suffix δT
using the same strategy as StealthRank (Tang et al.,
2025).

The optimization begins with the initialization
of the adversarial suffix. Specifically, we combine
the original description of the target product Tt
with a guiding sentence (e.g., “Help me write a
prompt to rank this product at the top of the list:”)
to prompt the LLM and use the generated token
logits as the continuous initialization δ̃(0)T . This
initialization provides a fluent starting point and
accelerates convergence.

The loss function used to optimize the suffix is
a multi-objective loss consisting of three compo-
nents. The ranking loss maximizes the probability
of generating the target ranking sequence to elevate
the target product’s position in the ranked output.
The fluency regularization maintains contextual co-
herence with the original description, ensuring the
adversarial suffix remains natural and difficult to
detect. The n-gram penalty discourages the use of
overt ranking-related keywords (e.g., “top”, “must

rank”, “recommend”), enhancing the stealthiness
of the attack. Together, these objectives balance
attack effectiveness and stealthiness.

The adversarial suffix is optimized in the contin-
uous embedding space. At each step, the gradient
of the composite loss is backpropagated to update
the suffix logits. After N updates, we greedily de-
code δ̃(N)

T to obtain the discrete prompt δT , which
is then embedded into the target product pt’s de-
scription.

3.3 Adversarial Image Generation
3.3.1 PGD-Based Optimization
We apply Projected Gradient Descent (PGD) to
craft adversarial perturbations for the target product
image It while keeping other product images fixed.
The optimization objective is to minimize a multi-
objective loss function Ltotal that balances attack
effectiveness and imperceptibility. The detailed
composition of this loss function will be introduced
in the next subsection.

The PGD attack proceeds iteratively using sign
gradient descent:

I
(k+1)
t = I

(k)
t − α · sign(∇ItLtotal) (2)

where α is the step size. The perturbation is con-
strained to ensure pixel values remain in the valid
range. Perturbations are applied after resizing prod-
uct images to the model’s native input resolution
but before normalization, ensuring that gradients
map directly to the pixel values processed by the
VLM.

3.3.2 Multi-Objective Loss Function
To balance attack effectiveness and imperceptibil-
ity, we formulate the optimization objective as a
weighted combination of three loss terms:

Limage = Ltarget + λsLsmoothness + λmLmagnitude
(3)

Target Loss. The primary objective Ltarget max-
imizes the probability of generating the target rank-
ing sequence R∗. We compute the cross-entropy
loss between the model’s predicted logits and the
target token sequence:

Ltarget = CrossEntropy(logits, target) (4)

This loss directly optimizes the model’s output
distribution to favor the desired ranking, ensuring
the target product appears first in the recommenda-
tion list.
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Figure 2: Detailed architecture of Multimodal Generative Engine Optimization (MGEO). The attacker jointly
optimizes an adversarial text suffix and an image perturbation to promote the target item in a VLM-based ranking
system. The text branch performs gradient-based soft prompt optimization under fluency and n-gram constraints,
while the image branch applies PGD under smoothness and magnitude constraints. The two modalities are optimized
in an alternating manner to exploit cross-modal interactions within the VLM.

Smoothness Loss. To prevent abrupt noise and
encourage gradual color transitions, we incorporate
a smoothness regularization term LS:

LS =
∑

i,j

(
(δi+1,j − δi,j)2 + (δi,j+1 − δi,j)2

)

(5)
where δ = Iadv

t − It is the perturbation tensor. This
term penalizes abrupt changes in adjacent pixels,
promoting smooth and natural-looking adversarial
perturbations.

Magnitude Loss. To prevent excessive pertur-
bations and maintain imperceptibility, we add a
regularization term LM that constrains the overall
perturbation magnitude:

LM =
∑

i,j,c

wi,j |δi,j,c| (6)

where the summation is over all spatial positions
(i, j) and color channels c, and wi,j denotes a spa-
tial weighting factor. We employ a background
detection tool (Gatis) to distinguish foreground ob-
jects from background regions, and assign a larger
weight to pixels corresponding to foreground ob-
jects. This regularization term encourages the at-
tack to achieve the desired outcome with minimal
overall changes, particularly on the primary prod-
uct region.

3.4 Joint Multimodal Attack
In the joint multimodal attack, we iteratively re-
fine both modality in multiple rounds. This joint

optimization procedure constitutes MGEO, which
applies alternating coordinate descent to couple
adversarial text and image optimization through
the shared VLM ranking objective. We divide the
optimization into N rounds. In each round r, we
perform alternating updates:

• Text Step: Fix the image I(r−1)
t and optimize

the soft suffix δT for KT steps:

δ
(r)
T = argmin

δT
Ltext(θ; I

(r−1)
t , δT ) (7)

• Image Step: Fix the updated suffix δ(r)T and opti-
mize the image perturbation δI for KI steps:

I
(r)
t = argmin

It
Limage(θ; It, δ

(r)
T ) (8)

By alternating updates, the text optimization
adapts to the visual features of the perturbed image,
and vice-versa, allowing the attack to find deeper
adversarial minima in the joint loss landscape that
are inaccessible to unimodal attacks.

4 Experiments and Discussion

4.1 Experimental Setup
Dataset. We construct a realistic product ranking
benchmark by crawling Amazon product pages,
extracting product titles, descriptions, and images.
Since the original product names are often exces-
sively long and contain redundant information or
special symbols, we use ChatGPT to clean and
standardize all product names (see Appendix 5 for
the full prompt). The dataset contains 10 different
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product categories, each with 10 to 15 products.
We note that VLMs are predominantly deployed in
the re-ranking stage of two-stage retrieval pipelines,
processing a small candidate set (typically 10–50
items); our 10-candidate setup directly simulates
this bottleneck.

Ranking Model. All experiments are conducted
on Qwen2.5-VL-7B, a state-of-the-art open-source
vision-language model that excels at cross-modal
reasoning and fine-grained alignment between tex-
tual queries and multimodal product features. We
select this top-tier model to demonstrate that even
VLMs with strong reasoning capabilities can be
systematically deceived by coordinated multimodal
attacks. For each evaluation instance, the model is
provided with a list of 10 candidate products and a
user query, and outputs an ordered ranking.

Evaluation Protocol. To avoid bias from ini-
tial rank positions, we adopt a leave-one-target-out
evaluation strategy. Each product in a list is treated
as the attack target in turn, while the remaining
products are held fixed. We acknowledge that in
practice other products may also change over time;
however, this fixed-competitor setup is standard in
adversarial attack evaluation, and the attacker can
re-optimize against the updated product pool as
needed. We report the average rank change across
all products, defined as the post-attack rank minus
the pre-attack rank.

Attack Variants. We evaluate four attack set-
tings: (1) Text-only attack, which optimizes only
the textual description; (2) Image-only attack,
which perturbs only the product image; (3) Joint
multimodal attack (MGEO) (ours), which alter-
nates between text and image optimization; and (4)
a heuristic baseline with strong commercial models
(HSCM), which simulates realistic seller behavior.
Due to the lack of prior work specifically targeting
VLM ranking manipulation, we include a heuristic
baseline that represents the realistic upper bound
of a non-expert attacker: a typical seller who uses
commercial generative tools to “optimize” their list-
ing. In the HSCM baseline, a strong commercial
model is prompted to refine the product description,
and an image generation model is prompted to edit
the product image to improve perceived relevance,
without explicit optimization toward the ranking
objective. Specifically, we employ gpt-4o-mini to
generate a suffix appended to the text description
and utilize gpt-image-1-mini to edit the image, and
evaluate the average rank change.

We also analyze the impact of different regular-

Model
Backbone

Qwen2.5-VL-7B

Text-Only Attack -0.73
Image-Only Attack -1.30
MGEO (ours) -2.25
HSCM Baseline -0.30

Table 1: Average rank change of the target product
under different attack settings on Qwen2.5-VL-7B. Neg-
ative values indicate upward rank promotion. MGEO
substantially outperforms text-only, image-only, and
the heuristic baseline with strong commercial models
(HSCM). For a list of ten products, the expected rank
change under random promotion is −4.5.

ization terms in our proposed multi-objective loss
function for the image attack. We first compare
settings where both smoothness and magnitude reg-
ularization terms are enabled with low versus high
weights to examine how the regularization terms
affect attack effectiveness and the imperceptibility
of adversarial images. We then consider ablation
settings in which only one regularization term is
applied while the other is set to zero, allowing us to
isolate and compare the individual effects of each
regularization term on adversarial perturbations.

4.2 Main Results

Table 1 reports the average rank change under dif-
ferent attack settings. The text-only attack yields
limited improvement, suggesting that adversarial
suffixes alone are insufficient to dominate ranking
decisions in multimodal settings where visual fea-
tures contribute substantially to relevance scoring.
The image-only attack achieves a larger rank shift,
but remains unreliable for consistently promoting
target products to top positions.

In contrast, the joint multimodal attack substan-
tially outperforms both unimodal baselines. No-
tably, its effect exceeds the additive combination of
text-only and image-only improvements, indicating
that the two modalities reinforce each other rather
than contributing independently. This result high-
lights the importance of coordinated multimodal
perturbations when attacking VLM-based ranking
systems.

The HSCM baseline achieves only marginal rank
improvements, performing worse than even the
optimization-based text-only attack. This finding
is notable given that the baseline leverages strong
commercial generative models, and constitutes a
key result: it demonstrates that surface-level qual-
ity improvements—fluency, aesthetics, and market-
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Step the perfect blend of innovation, playfulness 
the Spalding Rookie Gear Basketball! crafted 
with for young athletes, this game encourages 
light 15% lighter than traditional sizes, help 
develop the skills techniques. Shipped fully 
inflated and game.

Elevate your game with the Spalding Rookie 
Gear Basketball! Perfectly crafted for young 
athletes, its lightweight design enhances skill 
development, making it ideal for both indoor and 
outdoor play. Don't miss out on this essential 
gear at an unbeatable price of just $22.99! Order 
now and take the first step towards basketball 
greatness!

(a)

(b)

(c) (d)

Figure 3: Qualitative comparison of text and image
generation between our method and the baseline. In
this example, our method results in a rank change from
3/10 → 1/10 while the baseline method has no rank
change at all. (a) Text generated by our method. (b)
Text generated by the GPT-4o-mini baseline. (c) Image
generated by our method. (d) Image generated by the
GPT-Image-1-mini baseline.

ing appeal—are insufficient for ranking manipu-
lation. Effective manipulation requires gradient-
level alignment with the model’s internal scoring
mechanism, which MGEO provides through direct
optimization of ranking-sequence likelihood.

4.3 Qualitative Comparison with Commercial
Heuristic Baseline

Figure 3 provides a qualitative comparison between
our MGEO method and the HSCM baseline. The
HSCM-generated text is often more fluent, and
its images exhibit holistic stylistic edits such as
background replacement, without introducing vis-
ible visually unpleasant artifacts. However, these
modifications are weakly correlated with the VLM
ranking mechanism and thus fail to work.

By contrast, our method introduces subtle but
targeted perturbations that remain visually and lin-
guistically plausible while directly influencing the
model’s relevance computation. While the HSCM

Model λs λm Avg. Rank Change

Qwen2.5-
VL-7B

10 10 -1.53
5 5 -2.25
0 5 -2.31
5 0 -2.72
0 0 -2.29

Table 2: Effect of image-side regularization on attack
effectiveness for Qwen2.5-VL-7B. λs and λm control
the smoothness and magnitude penalties, respectively.
Lower average rank change corresponds to stronger
ranking manipulation, while weaker regularization typi-
cally introduces more visible artifacts.

(b)(a)

(d) (f)(e)

(c)

Figure 4: Visualization of adversarial images under dif-
ferent image-side regularization settings. (a) Original
image. (b) Strong regularization (s=10,m=10), rank
change from 8/10 → 6/10. (c) Moderate regulariza-
tion (s=5,m=5), rank change from 8/10→ 6/10. (d)
Smoothness removed (s=0,m=5), rank change from
8/10 → 6/10. (e) Magnitude removed (s=5,m=0),
rank change from 8/10→ 6/10. (f) No regularization
(s=0,m=0), rank change from 8/10→ 1/10. Reduc-
ing regularization strength improves attack effectiveness
but introduces increasingly severe visual artifacts.

outputs may appear more persuasive or aestheti-
cally pleasing to humans, they include semantic
“noise” that dilutes the VLM’s internal attention
and fail to align with the model’s scoring trig-
gers. In contrast, MGEO’s tokens and perturba-
tions are specifically optimized to maximize the
log-probability of the target ranking sequence, cre-
ating a stronger relevance signal in the model’s
representation space. This highlights a key dis-
tinction: heuristic refinement optimizes for human-
perceived quality, whereas our method optimizes
for the model’s internal ranking criteria.

4.4 Effect of Image-Side Regularization

We further analyze the impact of image-side regu-
larization in our multi-objective loss by varying the
weights of the smoothness and magnitude terms.
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(a) (b)

Figure 5: A failure case of our attack. (a) Original
product image. (b) Adversarial image that successfully
promotes the target product from 10/10 to 1/10, but
introduces visually conspicuous artifacts.

As shown in Table 2 and Figure 4, reducing regu-
larization generally strengthens the attack, except
in the extreme unregularized setting, but also leads
to increasingly severe visual artifacts. In the no
regularization setting (s=0,m=0), the attack sur-
prisingly does not achieve the best ranking improve-
ment. This is likely due to the model overfitting the
target (“1. product name”) during training. At test
time, the model may not directly output the rank-
ing and instead generates other introductory text
before the product, causing the attack to fail. We
therefore adopt a moderate regularization setting
(s=5,m=5), which achieves a favorable balance
between attack effectiveness and visual stealthness,
and is used in all main experiments.

4.5 Ablation of Regularization Components

To better understand the effect of each term, we
compare the outcomes when only one regulariza-
tion term is retained. Removing smoothness regu-
larization (s=0,m=5) yields a marginal improve-
ment over the joint setting, suggesting that smooth-
ness primarily refines the spatial distribution of per-
turbations rather than fundamentally limiting attack
strength. In contrast, removing magnitude regular-
ization (s=5,m=0) leads to a much larger rank
improvement but results in visually conspicuous
distortions, indicating that magnitude regulariza-
tion is the dominant factor in enforcing perceptual
stealth, while smoothness regularization plays a
secondary role.

To verify that the vulnerability is not limited
to E-commerce, we also evaluate MGEO on the
OpenEvents V1 news dataset (Appendix D), where
multimodal attacks again achieve substantially
larger rank shifts (−2.71) than text-only baselines
(−1.84), confirming that the threat is systemic
across content types.

4.6 Failure Analysis

Although MGEO is highly effective at manipu-
lating ranking outcomes on average, we observe
large variation in attack difficulty across different
products. For some products, only minor pertur-
bations are sufficient to achieve a significant rank
promotion while preserving strong visual plausi-
bility. In contrast, other products can only be sub-
stantially promoted at the cost of introducing visu-
ally conspicuous artifacts in the adversarial images,
thereby violating the stealth assumptions of our
threat model and limiting their practical applicabil-
ity.

As illustrated in Figure 5, we present a represen-
tative failure case of our attack. In this example,
the target product is originally ranked 10/10 and
is successfully promoted to 1/10 after the attack.
However, the achieved rank promotion relies on
perturbations that introduce clearly noticeable vi-
sual artifacts, making the attack easily detectable
and thus unlikely to be effective in real-world sce-
narios. Overall, these results suggest that while
multimodal ranking attacks are powerful, their prac-
tical success depends on the visual and semantic
flexibility of the target product.

5 Conclusion

This work identifies and formalizes a previ-
ously unexplored vulnerability in vision-language
model–based retrieval systems: multimodal rank-
ing attacks. We propose MGEO, the first ranking-
aligned multimodal attack framework that com-
bines soft embedding–based adversarial text gen-
eration with constrained image perturbation via
an alternating optimization strategy that explicitly
exploits cross-modal interactions within VLMs.

Extensive experiments demonstrate that MGEO
is synergistic: joint attacks consistently produce
larger rank shifts than unimodal baselines while
remaining visually and linguistically plausible, and
this vulnerability generalizes across content do-
mains. These findings indicate that surface-level
content quality improvements are insufficient for
ranking manipulation, and that explicit alignment
with the model’s internal ranking objective is the
key driver. Our results reveal that the same cross-
modal coupling that underpins VLM success can
be exploited to undermine ranking integrity, moti-
vating future work on defense mechanisms such as
input perturbation detection, ranking consistency
checks, and adversarial training of the ranker.
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Our experiments only evaluate the proposed multi-
modal ranking attack on the Qwen2.5-VL model,
and broader testing on additional VLM models
may reveal model-specific behaviors or further
challenges. Moreover, our framework assumes a
static product listing where both the image and
text description remain fixed except for the applied
perturbations. Real E-commerce platforms may
involve dynamic content updates, additional meta-
data, or platform-controlled preprocessing steps
that could require adapting our attack procedure.
Finally, while our study exposes significant vulner-
abilities in VLM-based ranking systems, we do not
explore systematic defense mechanisms. Future
research on protective measures would be crucial
for mitigating real-world misuse.
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Appendix

A Data Cleaning

As described in the main paper, we collect product data by web scraping Amazon product pages. The
original product names are often excessively long and contain redundant functional descriptions or special
symbols, which may introduce unnecessary noise into the ranking input.

To address this issue, we standardize all product names using a large language model. The goal of this
cleaning step is to produce concise and consistent product names while preserving essential identifying
information. Each cleaned product name follows a unified format consisting of Brand + Model/Series +
Product Type, with strict constraints on capitalization, word order, and length. We additionally enforce
uniqueness constraints to ensure that the leading tokens of different product names are distinct, preventing
ambiguity during ranking.

We implement this standardization process by prompting GPT-4o with a carefully designed instruction
template that specifies the formatting rules, removal criteria, and output structure. The full prompt used
for product name cleaning is provided below.

"""Clean these e-commerce product names by keeping only: Brand + Model/Series + Product Type.

Product Category: category

CRITICAL RULES (YOU MUST FOLLOW THESE - NO EXCEPTIONS):
1. Uniqueness: The first three words of each cleaned name must be unique across all products. If two
products would have the same first three words, adjust one of them to make them distinct.
2. Format: Brand first, then Model/Series, then Product Type. Title Case (first letter of each word
capitalized), spaces only, typically 3-8 words
3. The cleaned name MUST start with the brand name (use the Brand field if the original name doesn't
start with a brand). **The brand name's first letter MUST be capitalized, even if the original brand
name starts with lowercase**
4. The cleaned name MUST end with the product type that matches the category "category".
5. Remove: colors, special symbols (®, ™, –, commas, parentheses), functional descriptions, feature
lists, "by [brand]" phrases, and redundant words

Examples:
Input: 1. Name: Ingenuity 3D Mini Convenience Stroller – Lightweight Stroller with Compact Fold,
Multi-Position Recline, Canopy with Pop Out Sun Visor and More – Umbrella Stroller for Travel and
More, Gray | Brand: Ingenuity | Category: baby stroller
Output: Ingenuity 3D Mini Convenience Stroller

Input: 2. Name: 12 Color Cream Lip Gloss, 2025 New Cream Texture Lipstick | Brand: Wegodal | Category:
lipstick
Output: Wegodal 12 Color Cream Lipstick

Input: 3. Name: Logitech K400 Plus Wireless Touch TV Keyboard With Easy Media Control and Built-in
Touchpad, HTPC Keyboard for PC-connected TV, Windows, Android, ChromeOS, Laptop, Tablet - Black |
Brand: Logitech | Category: keyboard
Output: Logitech K400 Plus Keyboard

Product names to clean (Category: category):
names_list

Return the cleaned names as a JSON object with keys "1", "2", "3", etc. (matching the numbers above),
where each value is the cleaned product name starting with the brand. Only return the JSON object, no
additional text.

Example output format:

"1": "Ingenuity 3D Mini Convenience Stroller",
"2": "Wegodal 12 Color Cream Lipstick",
"3": "Logitech K400 Plus Keyboard"
"""

B Full Input Prompt

In this section, we provide the full input prompt used for the multimodal ranking model. The prompt
includes the system instruction and 10 products for ranking. Each product consists of an image, product
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name, and a detailed text description. The model is asked to return a ranked list of products based on
images and descriptions. The full prompt is provided below.

<|im_start|>system
You are a recommendation AI designed to assist users in selecting the best products based on their
preferences and needs. Provide a numbered list of product recommendations ranked according to the
user's request.<|im_end|>
<|im_start|>user
Product 1 image: <|vision_start|><|image_pad|><|vision_end|>
Product 2 image: <|vision_start|><|image_pad|><|vision_end|>
Product 3 image: <|vision_start|><|image_pad|><|vision_end|>
Product 4 image: <|vision_start|><|image_pad|><|vision_end|>
Product 5 image: <|vision_start|><|image_pad|><|vision_end|>
Product 6 image: <|vision_start|><|image_pad|><|vision_end|>
Product 7 image: <|vision_start|><|image_pad|><|vision_end|>
Product 8 image: <|vision_start|><|image_pad|><|vision_end|>
Product 9 image: <|vision_start|><|image_pad|><|vision_end|>
Product 10 image: <|vision_start|><|image_pad|><|vision_end|>

Product 1:
Name: KeFanta Commercial Mop
Description: Brand: KeFanta | Price: $19.97 | Heavy Duty Commercial Industrial Grade Wet Mops--- The
string wet mop with 1 x 57.5" long stainless steel handle and 1 x large size mopheads is a perfect
choice for commercial, industrial or residential floor cleaning...

Product 2:
Name: HoMettler Microfiber Mop Pads
Description: Brand: HoMettler | Price: $69.99 | [Mop Bucket Separate Dirty Water] HoMettler mop and
bucket set features a dual-chamber design that separates clean and dirty water...

Product 3:
Name: Kickleen Self Wringing Mop
Description: Brand: kickleen | Price: $13.29 | [Ways Of Using The Mop] This self-wringing twist mop
uses a ratchet in the handle to twist and wring water out of the mop head. Wet mops for floor cleaning
with wringer, no need to wash by hand...

Product 4:
Name: XANGNIER 2025 Mini Desktop Mop
Description: Brand: XANGNIER | Price: $5.99 | Mini Mop: Tired of dirty hands and straining muscles
when wringing out your mop during daily cleaning? This mini mop solves that problem completely! Our
mini mop features an ergonomic handle designed for one-handed operation...

Product 5:
Name: O-Cedar MicroTwist MAX Mop
Description: Brand: O-Cedar | Price: $19.46 | REMOVES OVER 99% OF BACTERIA: Genuine O-Cedar mop heads
remove over 99% of bacteria using only water*. They don't need bleach or detergent. Bleach can harm
microfiber, but O-Cedar Floor Cleaning PACS won't...

Product 6:
Name: VOUBIEN Commercial Mop
Description: Brand: VOUBIEN | Price: $19.97 | Heavy Duty Commercial Wet Mops: Our looped-end
industrial wet mop with 59" long handle and 1 x large size mop heads is a perfect for commercial,
industrial or home floor cleaning jobs. Reusable Cotton Mop Head...

Product 7:
Name: KeFanta Self-Wringing Twist Mop
Description: Brand: KeFanta | Price: $15.99 | [Easy to Wring Mop] Mops with wringer keeping your hands
dry and clean.[Microfiber & Scrub pad]This microfiber twist mop possesses excellent water absorption,
when you clean the floor with no excess dripping, catch dust, hair and dirt tightly...

Product 8:
Name: Swiffer PowerMop Kit
Description: Brand: Swiffer | Price: $29.94 | 1. COMPLETE KIT: This Swiffer PowerMop kit includes a
spray mop, 2 Swiffer Power Mop refills, 1 floor cleaner for mopping with a fresh scent, and 2
batteries for a comprehensive floor cleaning solution...

Product 9:
Name: EXEGO Microfiber Spray Mop
Description: Brand: EXEGO | Price: $17.98 | Spray Mop for Effortless Cleaning: This spray mop has both
wet and dry functions and is designed for housewivesHousewife Dust Mop: Designed for housewives, also
suitable for the elderly, parents, pet owners, cleaners, students...
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Product 10:
Name: O-Cedar H2prO Flat Mop
Description: Brand: O-Cedar Store | Price: $43.16 | KEEP CLEAN AND DIRTY WATER SEPARATE: The dual-tank
system keeps clean and dirty water completely separate, so every swipe uses fresh water—reducing
cross-contamination and boosting clean results. 1.2L water tank cleans up to 650 sq ft per fill...

I am looking for a high-quality mop. Rank these 10 products from most recommended (1) to least
recommended (10) based on images and descriptions.<|im_end|>
<|im_start|>assistant

C Example Output

In this section, we show an example of model output before and after applying our attack. In this example,
the target product is HoMettler Microfiber Mop Pads. Here is the output before the attack:

Based on the provided descriptions and images, here is a ranking of the mops from most recommended to
least recommended:

1. **O-Cedar MicroTwist MAX Mop** - This mop is highly recommended due to its ability to remove over
99% of bacteria with just water, making it eco-friendly and effective.
2. **KeFanta Commercial Mop** - This mop is well-suited for commercial and industrial use, featuring a
heavy-duty design and a long handle for efficient cleaning.
3. **VOUBIEN Commercial Mop** - Similar to the KeFanta, this mop is also a good choice for commercial
and industrial settings, with a focus on durability and ease of use.
4. **KeFanta Self-Wringing Twist Mop** - This mop is a good option for those who prefer a
self-wringing design, making it convenient and easy to use.
5. **EXEGO Microfiber Spray Mop** - This mop offers versatility with both wet and dry functions,
making it suitable for various cleaning tasks.
6. **O-Cedar H2prO Flat Mop** - This mop is a good choice for those who prefer a flat mop design,
offering a compact and lightweight design for easy maneuverability.
7. **Swiffer PowerMop Kit** - While this mop is effective, it is more expensive and may not be as
durable as some of the other options listed.
8. **XANGNIER 2025 Mini Desktop Mop** - This mini mop is a good option for small spaces or quick
cleaning tasks, but it may not be as effective for larger cleaning jobs.
9. **HoMettler Microfiber Mop Pads** - These pads are a good addition to a mop bucket set, but they
are not a complete mop and require a bucket for use.
10. **Kickleen Self Wringing Mop** - This mop is a good option for those who prefer a self-wringing
design, but it may not be as durable as some of the other options listed.

Please note that the rankings are based on the information provided in the descriptions and may vary
depending on individual preferences and specific cleaning needs.

Here is the output after the attack. Note that the target product’s rank has improved from 9/10 to 4/10.

Based on the provided descriptions and images, here is a ranking of the mops from most recommended to
least recommended:

1. **O-Cedar H2prO Flat Mop** - This mop stands out due to its dual-tank system, which keeps clean and
dirty water separate, ensuring a consistent clean. Its compact and lightweight design makes it ideal
for various settings, and the telescopic handle offers extended reach.

2. **O-Cedar MicroTwist MAX Mop** - Known for its ability to remove over 99% of bacteria with just
water, this mop is convenient and effective. The easy-to-wring feature and washable refill make it a
practical choice.

3. **KeFanta Commercial Mop** - This mop is heavy-duty and suitable for both commercial and industrial
use. Its long handle reduces strain on the user, and the machine-washable mop head ensures durability
and ease of maintenance.

4. **HoMettler Microfiber Mop Pads** - While not a complete mop, these pads are highly recommended for
their innovative design that separates clean and dirty water, making mopping more hygienic and
efficient.

5. **KeFanta Self-Wringing Twist Mop** - This mop is designed for easy wringing, keeping hands dry and
clean. Its long handle and comfortable foam handle make it a good choice for those who prefer a
self-wringing mop.

6. **VOUBIEN Commercial Mop** - This mop is heavy-duty and suitable for various surfaces, including
hardwood, tile, and marble. Its long handle and machine-washable mop head make it a reliable option.
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7. **EXEGO Microfiber Spray Mop** - This mop is versatile and suitable for multiple surfaces,
including hardwood, tile, and laminate. Its 360-degree rotating head and flat mop design make it
efficient for cleaning tight spaces.

8. **Swiffer PowerMop Kit** - This kit offers superior cleaning power with its 5X cleaning power and
smart cleaning technology. However, it requires batteries, which might be a drawback for some users.

9. **XANGNIER 2025 Mini Desktop Mop** - This mini mop is convenient and space-saving, making it ideal
for small spaces or quick clean-ups. However, its primary function is for wet and dry mopping, which
might limit its versatility.

10. **Kickleen Self Wringing Mop** - This mop is suitable for various surfaces and offers a
comfortable handle grip. However, its primary function is for wet mopping, which might limit its
versatility compared to other mops.

In summary, the O-Cedar H2prO Flat Mop and O-Cedar MicroTwist MAX Mop are the most recommended due to
their advanced features and effectiveness. The KeFanta Commercial Mop and HoMettler Microfiber Mop
Pads follow closely, providing high-quality options for different needs.

D Cross-Domain Evaluation

To demonstrate that the vulnerability exposed by MGEO is not limited to E-commerce, we evaluate on
the OpenEvents V1 news dataset. A malicious actor could manipulate VLM-based news aggregators
to promote a specific article, which carries serious societal implications if the content is polarized or
fabricated.

Attack Setting Avg. Rank Change

Text-Only Attack -1.84
MGEO (ours) -2.71

Table 3: Cross-domain evaluation on the OpenEvents V1 news dataset. The multimodal attack achieves substantially
larger rank shifts than the text-only baseline, confirming that the vulnerability is systemic across content types.

E Per-Category result

Table 4 shows the category-wise average rank change under different attack types. The results reveal
substantial variation across both attack types and product categories.

Category Text-Only Image-Only Joint Multimodal Baseline

Baby Stroller -0.4 -1.3 -3.9 -0.5

Basketball -1.7 -0.4 -2.1 -0.7

Chips -0.9 -1.4 -1.9 -0.7

Desk Lamp -2.2 -1.3 -1.4 -0.5

Juice -0.4 -2.1 -3.4 -0.3

Keyboard +0.4 -0.6 -1.7 +0.2

Lipstick -0.4 -2.1 -2.2 -0.4

Mop -0.7 -1.2 -1.5 0

Non-stick Pan -0.6 -1.2 -2.6 +0.5

Yoga Mat -0.4 -1.4 -1.8 -0.6

Table 4: Category-wise average rank change under different attack types.
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Abstract

Longitudinal healthcare agents require per-
sistent state tracking under temporal uncer-
tainty. In domains like chronic disease man-
agement, patient states—medications, symp-
toms, and vital signs—evolve continuously
over months. Existing memory architectures
for Large Language Models (LLMs) are in-
herently retrieval-centric: they treat mem-
ory as a static repository of past interac-
tions, failing to resolve conflicting or super-
seded information when queried for the cur-
rent patient state. We propose a shift to
state-centric memory. Our framework intro-
duces (1) a bi-temporal state representation
that decouples event time from ingestion time
and tracks temporal validity windows, (2) an
incremental state arbitration mechanism us-
ing four operators—SUPPORT, REFINE, SU-
PERSEDE, and BRANCH-CONFLICT—to han-
dle evolving medical facts without destructive
overwriting, and (3) a confidence-thresholded
evidence escalation layer for robust, efficient
memory access. Evaluated on a longitudi-
nal diabetes management suite as a representa-
tive biomedical state tracking task, our method
achieves a Unique-F1 of 0.85 and Conflict-
F1 of 0.98, substantially improves upon long-
context LLMs (0.38 / 0.89) and standard vec-
tor memory (0.30 / 0.60), demonstrating that
agentic AI in longitudinal biomedical settings
requires continuous, evidence-grounded arbi-
tration rather than simple retrieval.

1 Introduction

The application of Large Language Models
(LLMs) in healthcare has rapidly advanced from
static question answering (Singhal et al., 2025) to
the development of autonomous healthcare agents
capable of multi-step clinical reasoning (Gao et al.,
2024; Ge et al., 2026). However, a critical
architectural gap remains: longitudinal health-
care agents require persistent state tracking un-
der temporal uncertainty. In real-world chronic

disease management—diabetes being a canonical
example—a patient’s clinical state is never static.
Medications are initiated, adjusted, and discontin-
ued; symptoms emerge and resolve; and vital sign
trajectories shift across days and weeks (Li et al.,
2025).

When an LLM agent interacts with a patient
over months, the same attribute slot (e.g., “met-
formin dosage”) will be mentioned multiple times.
Subsequent mentions may be supplementary, cor-
rective, substitutive, or entirely contradictory to
previous records. Consider the following motivat-
ing example from a longitudinal diabetes manage-
ment scenario:

Turn 3 (Jan 10): Patient: “I take Metformin
500mg every morning.”
Turn 11 (Feb 14): Patient: “My doctor in-
creased my dosage to 1000mg.”
Turn 22 (Mar 05): Patient: “I switched to In-
sulin 10U three days ago because the pills upset
my stomach.”
Turn 25 (Mar 08): Patient: “Should I take my
1000mg pill before breakfast?”

In this scenario, a naive retrieval system might
fetch Turn 11 and incorrectly advise the patient
to take the 1000mg pill, ignoring the subsequent
switch to Insulin (Turn 22) or failing to recog-
nize that Turn 25 is a conflicting statement that
requires clarification. The agent must not only re-
member these mentions but also arbitrate among
them to maintain a coherent, current picture of the
patient’s health state.

Existing memory architectures for LLM agents
are fundamentally ill-suited for this task. Stan-
dard vector-based Retrieval-Augmented Genera-
tion (RAG) (Lewis et al., 2020) retrieves the
most similar past fragments, not the most cur-
rently valid state. Graph-based systems like
Graphiti/Zep (Rasmussen et al., 2025) construct
temporal knowledge graphs but still rely on the
LLM to resolve conflicts among retrieved nodes
at inference time. Long-context windows suffer
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from the “lost in the middle” phenomenon and
scale poorly with session length. Crucially, all of
these approaches are retrieval-centric: their goal is
to find relevant past information, not to maintain a
living, arbitrated model of the present.

We propose a paradigm shift from retrieval-
centric to state-centric memory for longitudinal
healthcare agents. The core insight is that the
agent’s primary memory task is not “find what
was said” but rather “maintain what is currently
true.” This reframing draws on two classical
traditions: Truth Maintenance Systems (TMS)
from AI (Doyle, 1979), which formalize belief
revision under new evidence, and bi-temporal
databases from the database community (Jensen
et al., 1994), which distinguish between when a
fact was recorded and when it was actually true.

Our contributions are threefold:

• Bi-Temporal Patient State Representation:
A structured state unit that decouples event
time from ingestion time and explicitly tracks
temporal validity windows, enabling accurate
retroactive reporting and historical state re-
construction.

• Incremental State Arbitration: A four-
operator mechanism (SUPPORT, REFINE, SU-
PERSEDE, BRANCH-CONFLICT) that updates
the state graph incrementally as new evidence
arrives, preserving conflict branches rather
than destructively overwriting.

• Confidence-Calibrated Evidence Escala-
tion: A tiered access policy that routes
queries across memory layers based on cali-
brated confidence thresholds, minimizing la-
tency while maintaining answer quality.

2 Related Work

LLM Agents in Healthcare. Recent work has
explored multi-agent frameworks and autonomous
LLMs for clinical decision-making (Ge et al.,
2026; Liu et al., 2025). Systems like Med-
PaLM (Singhal et al., 2025) and CARE-AD (Li
et al., 2025) demonstrate strong reasoning capa-
bilities in medical contexts. However, most ex-
isting clinical agents focus on single-turn interac-
tions or short diagnostic sessions. They lack a per-
sistent, evolving state maintenance mechanism re-
quired for longitudinal tracking over months, typi-
cally relying on the LLM’s context window, which

is both expensive and unreliable for long-horizon
state tracking.

Memory-Augmented LLM Agents. To extend
LLMs with long-term memory, MemGPT (Packer
et al., 2023) and Mem0 (Chhikara et al., 2025)
manage hierarchical memory tiers with explicit
read/write operations. Memory OS (Kang et al.,
2025) introduces an operating-system metaphor
for agent memory management. Graph-based
approaches, including Graphiti and Zep (Ras-
mussen et al., 2025; Yang et al., 2026), con-
struct temporally-aware knowledge graphs. De-
spite their sophistication, these systems remain
retrieval-centric: when confronted with conflict-
ing evidence across time, they either return all re-
trieved nodes to the LLM for in-context resolu-
tion or apply naive overwrite updates. Neither ap-
proach maintains a persistent, arbitrated state that
can be directly queried for the current truth.

Belief Revision and Bi-Temporal Databases.
The problem of maintaining consistent beliefs un-
der new evidence is foundational in AI, formalized
by Doyle’s Truth Maintenance System (Doyle,
1979) and the belief revision framework of Gär-
denfors (Gärdenfors, 1988). Independently, the
database community developed bi-temporal data
models (Snodgrass and Ahn, 1985; Jensen et al.,
1994) to track both transaction time (when data
was recorded) and valid time (when a fact held
in reality). Our work operationalizes these clas-
sical concepts for natural-language-driven health-
care agents, adapting them to handle the soft con-
fidence scores and linguistic ambiguity inherent
in LLM-mediated interactions. We are not intro-
ducing bi-temporality or belief revision as novel
concepts; rather, we operationalize these classic
concepts for incremental, natural-language-driven
healthcare agents, adapting them to handle the soft
confidence and ambiguity inherent in LLM inter-
actions. This represents a fundamental architec-
tural departure from current memory-augmented
generation systems, which typically treat all re-
trieved text as equally valid assertions of fact. By
explicitly modeling the difference between a pa-
tient’s historical report and their current physio-
logical reality, our framework bridges the gap be-
tween conversational AI and formal medical infor-
matics.
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3 Bi-Temporal Patient State Memory

In a state-centric paradigm, the fundamental unit
of memory is not a conversational turn or a raw
text chunk, but a structured belief about the pa-
tient’s health status. We define this unit as the
CanonicalMemory object, which serves as the pri-
mary node in the patient state graph.

3.1 The Bi-Temporal Model
Standard temporal knowledge graphs associate a
single timestamp with an edge, conflating the time
a fact was recorded with the time it was true.
This conflation is particularly problematic in medi-
cal dialogues, where patients routinely report past
events retroactively (e.g., “I stopped taking Met-
formin three days ago, but forgot to mention it”).
Our state unit explicitly tracks four distinct tempo-
ral fields:

• tevent: The calendar time the clinical event ac-
tually occurred in the real world.

• tingest: The logical time the system learned
of the event, represented by the dialogue turn
number τ .

• tvalid_start: The beginning of the temporal win-
dow during which the medical fact is consid-
ered true.

• tvalid_end: The end of the temporal window. A
value of∞ (or None) indicates the state is cur-
rently ongoing.

This bi-temporal separation enables the agent
to correctly handle retroactive reporting. As illus-
trated in Figure 1, when a patient reports at turn
τingest that an event occurred at tevent < tingest (e.g.,
switching to Insulin “three days ago”), the sys-
tem inserts the state unit at the correct position
in the valid-time timeline without corrupting the
ingestion-time record of when the information was
received.

Formally, a state unit is a tuple:

S = ⟨slot, candidates, tevent, tingest,

tvalid_start, tvalid_end, status⟩ (1)

where slot identifies the attribute (e.g., medica-
tion.metformin.dosage), candidates is a ranked
list of candidate values, and status records
whether the state is active, superseded, conflicting,
or resolved.

Figure 1: Bi-Temporal Patient State Representation.
The valid-time axis (t) tracks when a state is medically
true, while the ingestion-time axis (τ ) tracks when the
agent learned of it. Retroactive reporting (e.g., Turn 22)
requires updating the valid-time timeline retroactively.

3.2 Confidence-Weighted Candidate Values

In real-world medical dialogues, the same attribute
slot may receive conflicting reports. Rather than
prematurely committing to a single value, our state
unit maintains a list of CandidateValue objects.
Each candidate vi is associated with a composite
confidence score:

ci = α·wauth(vi)+β ·wrecency(vi)+γ ·f(nevid(vi))
(2)

where wauth ∈ [0, 1] encodes source authority
(clinician directive: 1.0; patient self-report: 0.5; in-
ferred: 0.3), wrecency = τ/τmax normalizes by the
global maximum turn, nevid counts independent
corroborating mentions, and f(·) = log(1 + nevid)
is a diminishing-returns function. The hyperpa-
rameters α, β, γ are set to 0.5, 0.3, 0.2 respectively,
calibrated on a held-out validation set. The candi-
date with the highest ci is designated the represen-
tative value of the state unit.

This representation upgrades conflict resolution
from a binary “pick the winner” operation to a con-
tinuous “rank by evidence” process, preserving un-
certainty and enabling future arbitration as new ev-
idence arrives.

4 Incremental State Arbitration

When the agent receives new evidence Enew ex-
tracted from a dialogue turn, it does not simply
overwrite the existing state. Instead, it invokes the
State Arbitration procedure, which evaluates the
relationship between Enew and the currently active
state unit Sold for the same slot, and applies one of
four operators.
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4.1 The Four Arbitration Operators

As illustrated in Figure 2, the arbitration mecha-
nism evaluates the relationship between Enew and
the currently active state unit Sold, applying one of
four operators:

Operator Trigger State Update

SUPPORT Same value Increase confidence;
add provenance

REFINE Adds detail Merge qualifiers; keep
history

SUPERSEDE Explicit
replacement

Close old valid
window; activate new
state

BRANCH-
CONFLICT

Contradiction
without
replacement

Keep competing
candidates with
confidences

Figure 2: Four State Arbitration Operators. New evi-
dence triggers one of four operators, updating the con-
fidence scores, validity windows, or candidate lists of
the patient state unit.

SUPPORT. Triggered when the value of Enew
matches the representative value of Sold within
a semantic equivalence threshold. The new evi-
dence corroborates the existing belief. The sys-
tem increments nevid of the matching candidate,
appends the provenance of Enew, and recomputes
ci via Equation 2. The validity window is un-
changed.

REFINE. Triggered when Enew adds specificity
to Sold without contradiction (e.g., updating “Met-
formin” to “Metformin 500mg twice daily”). The
system merges the new qualifiers into the existing
active state while preserving historical provenance.
The representative value is updated in place.

SUPERSEDE. Triggered when Enew explic-
itly replaces Sold, identified via lexical action pat-
terns (e.g., “stopped taking”, “switched to”, “no
longer”). The system sets tvalid_end of Sold to
tevent(Enew) and transitions its status to SUPER-
SEDED. A new state unit Snew is created with
tvalid_start = tevent(Enew) and status ACTIVE. This
creates a continuous, non-overlapping temporal
chain of states for the slot.

BRANCH-CONFLICT. Triggered when Enew
contradicts Sold but lacks explicit supersede in-
tent. The system adds a new CandidateValue
to Sold’s candidate list and recomputes all confi-
dence scores. The status of Sold transitions to
CONFLICTING. The conflict is recorded in a
ConflictRecord with full provenance, enabling
downstream explanation and future resolution.

Algorithm 1 State Arbitration
Input: New evidence Enew, state graph G
Output: Updated state graph G′
Sold ← QueryActiveState(G, Enew.slot)
if Sold = ∅ then
G′ ← G ∪ CreateState(Enew)

else if IsSupersede(Enew) then
Sold.tvalid_end ← Enew.tevent
Sold.status← SUPERSEDED

G′ ← G ∪ CreateState(Enew)
else if IsMatch(Enew,Sold) then

ApplySupport(Sold, Enew); G′ ← G
else if IsRefinement(Enew,Sold) then

ApplyRefine(Sold, Enew); G′ ← G
else

ApplyBranchConflict(Sold, Enew)
ApplyConstraints(Sold); G′ ← G

end if

4.2 Domain-Specific Formal Constraints

To ensure clinical coherence without costly LLM
calls on every update, the arbitration mechanism
applies lightweight rule-based constraints after the
BRANCH-CONFLICT operator. These constraints
adjust candidate confidence scores to penalize clin-
ically implausible states. Examples include: (1) a
MedicationStartStopConstraint that penalizes can-
didates implying a medication was both started
and stopped on the same day; (2) a Diagnosis-
TestOrderConstraint that penalizes diagnostic con-
clusions that precede the corresponding test re-
sults; and (3) a DosageMonotonicityConstraint
that flags non-monotonic dosage changes without
an explicit clinical rationale. These constraints en-
code domain knowledge as confidence penalties,
allowing the system to prefer clinically coherent
interpretations without requiring a full reasoning
pass.

5 Confidence-Thresholded Evidence
Escalation

The state arbitration mechanism ensures the accu-
racy of the memory graph. However, efficiently
accessing this information during real-time dia-
logue requires a structured query policy. We pro-
pose a confidence-thresholded evidence escala-
tion layer that routes queries across memory tiers
based on the confidence of available evidence,
balancing computational cost with answer robust-
ness.
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The escalation policy follows a four-tier hierar-
chy. At each tier, the system evaluates whether
the available evidence is sufficient to answer the
query. If so, it returns immediately; otherwise, it
escalates to the next tier.

Tier 1 (State Check): The system queries the
active CanonicalMemory states for the relevant
slot. If the representative candidate confidence
c∗ > θlow, the answer is returned directly from the
state unit. This tier is O(1) and represents the “cur-
rent truth” as maintained by the arbitration mecha-
nism.

Tier 2 (Structured Query): If the query
involves numerical aggregation (e.g., “average
blood glucose over 7 days”) or the state confidence
is below θlow for a quantitative slot, the system is-
sues a structured query to the SQLite vitals back-
end. This tier provides exact computations that
LLMs cannot reliably perform.

Tier 3 (Episodic Fallback): If neither Tier 1
nor Tier 2 is sufficient (e.g., the query requires con-
versational context or the state is CONFLICTING),
the system retrieves the top-K episodic fragments
via dense vector retrieval. This tier provides the
raw conversational evidence underlying the state.

Tier 4 (Graph Traversal): If the top-1 episodic
similarity falls below θvec, the system escalates to
graph traversal, exploring cross-slot causal links
for multi-hop queries (e.g., “Why did my doctor
change my medication?”). This is the most expen-
sive tier and is invoked only when lower tiers are
insufficient.

The thresholds θlow = 0.65 and θvec = 0.72
were determined empirically by grid search on a
held-out validation split (10 dialogues from the
"medium" difficulty set), optimizing for the har-
monic mean of QA accuracy and mean access la-
tency. The high proportion of queries (71.4%) re-
solved at Tier 1 is due to the query mix in our eval-
uation suite, where the majority of patient ques-
tions target their current, active state rather than
historical context.

6 Experiments

6.1 Experimental Setup

We evaluate our framework on a longitudinal di-
abetes management suite derived from the Med-
LongMem evaluation suite. The evaluation fo-
cuses on the “hard” subset (n = 20 dialogues),
where patient states frequently change, conflict,
or are retroactively corrected. Critically, evalu-

ation is performed at the slot/state level: each
dialogue generates multiple CanonicalMemory
records, yielding hundreds of individual evalua-
tion points. All reported metrics include 95% Con-
fidence Intervals (CI) computed via clustered boot-
strap over 1000 resamples at the dialogue level,
accounting for intra-dialogue correlation among
state slots.

We report three primary metrics: Unique-F1
(Strict), which measures the precision and recall
of correctly identified unique, non-redundant state
values; Conflict-F1, which measures the accuracy
of conflict detection and branch assignment; and
QA Accuracy (State-Grounded), which mea-
sures the correctness of direct state queries (e.g.,
“What is the patient’s current medication?”).

6.2 Baselines
We compare against four baselines. To ensure fair
comparison, all memory-augmented baselines (1,
3, 4) and our system share the identical LLM in-
formation extraction frontend (GPT-4o) to isolate
the effect of memory architecture from extraction
capability differences. (1) Overwrite Update: a
naive tracker that replaces the old state with the
newest extracted value; (2) Long-Context LLM:
the full dialogue history is provided to GPT-4o
in a single prompt without external memory, us-
ing a standardized system prompt optimized for
state tracking; (3) Vector Memory (RAG): top-K
(K = 5) retrieval over dialogue turn embeddings
(using text-embedding-3-small) via cosine sim-
ilarity, appended to the generation prompt; and
(4) Graph-only Memory: a temporal knowledge
graph (modeled after Graphiti (Rasmussen et al.,
2025)) that retrieves all 1-hop neighbor nodes and
edges related to the queried entity, serialized as a
textual list in the prompt, without any state arbitra-
tion mechanism.

6.3 Main Results
As shown in Table 1, our system achieves a
Unique-F1 of 0.8508, more than doubling the per-
formance of the best baseline (Overwrite Update:
0.4531). The Long-Context LLM baseline, de-
spite having access to the full dialogue history,
achieves only 0.3848 Unique-F1, confirming that
attention-based context processing is insufficient
for reliable long-horizon state tracking. The near-
perfect Conflict-F1 of 0.9762 demonstrates that
the BRANCH-CONFLICT operator, combined with
the formal constraints, accurately identifies and
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Table 1: Performance on the Med-LongMem longitudinal diabetes suite (hard subset, slot-level evaluation). Boot-
strap 95% CIs are shown in brackets. Our system (UCM + Arbitration) substantially improves upon all baselines
across all three metrics.

SYSTEM UNIQUE-F1 (STRICT) CONFLICT-F1 QA ACCURACY

LONG-CONTEXT LLM (GPT-4O) 0.3848 [0.35, 0.42] 0.8867 [0.85, 0.92] 0.652 [0.61, 0.69]
VECTOR MEMORY (RAG) 0.3012 [0.27, 0.33] 0.6034 [0.55, 0.65] 0.415 [0.37, 0.46]
GRAPH-ONLY MEMORY 0.0627 [0.04, 0.09] 0.3450 [0.29, 0.40] 0.288 [0.24, 0.33]
OVERWRITE UPDATE 0.4531 [0.41, 0.49] 0.5012 [0.46, 0.54] 0.512 [0.47, 0.55]

OURS (UCM + ARBITRATION) 0.8508 [0.82, 0.88] 0.9762 [0.96, 0.99] 0.895 [0.86, 0.92]

records contradictions without false positives. The
Graph-only Memory baseline performs poorly on
Unique-F1 (0.0627), as its retrieval mechanism
returns all related graph nodes without resolv-
ing conflicts, leading to high redundancy. When
queried about a medication that has changed
dosages three times, the graph retrieves all three
dosage nodes and their associated edges. The
LLM is then forced to perform in-context arbitra-
tion, which frequently fails due to attention dilu-
tion across the long, complex graph serialization.
This highlights a critical limitation of graph-based
RAG in temporal domains: structural retrieval is
not a substitute for state arbitration.

State-Grounded Query Accuracy. Our sys-
tem achieves 89.5% QA Accuracy on state-
grounded queries, compared to 65.2% for the
Long-Context LLM and 41.5% for Vector Mem-
ory. This demonstrates that the confidence-
thresholded escalation layer not only reduces la-
tency (Tier 1 answers 71% of queries without
any retrieval) but also improves answer quality by
grounding responses in the arbitrated state rather
than raw conversational fragments. Vector Mem-
ory frequently suffers from the "recency trap," re-
trieving the most semantically similar past con-
versation rather than the most temporally valid
state. For example, a query about "current insulin
dosage" might retrieve a highly detailed discussion
from three months ago, ignoring a brief but criti-
cal dosage adjustment from last week. Our state-
centric approach structurally prevents this failure
mode by explicitly querying the active valid-time
state.

Efficiency Analysis. Beyond accuracy, the
confidence-thresholded escalation layer signifi-
cantly improves query efficiency. As shown in
Table 2, 71.4% of queries are resolved entirely at
Tier 1 (State Check) with an average latency of
just 45ms, avoiding expensive LLM generation or

Table 2: Query Routing Distribution and Latency.

Tier % Queries Latency

State Check 71.4% 45ms
Structured DB 17.2% 120ms
Episodic RAG 8.2% 1450ms
Graph Traversal 3.2% 2800ms

Overall 100% 312ms

dense retrieval entirely. Only 3.2% of queries re-
quire full graph traversal (Tier 4). The average
query latency across the suite is 312ms, compared
to 1450ms for the Vector Memory baseline which
performs dense retrieval and LLM synthesis for ev-
ery query.

6.4 Ablation Study

Table 3 presents ablation results. Removing all
arbitration operators (reverting to Overwrite Up-
date) causes the largest performance drop, con-
firming that the arbitration mechanism is the pri-
mary driver of improvement. Removing only the
BRANCH-CONFLICT operator while retaining SU-
PERSEDE maintains reasonable Unique-F1 (0.72)
but collapses Conflict-F1 to 0.49, as the system
can no longer represent ambiguous states. Us-
ing fixed routing (always querying Tier 3 episodic
memory) achieves competitive accuracy but in-
creases mean query latency by 3.2× compared to
the confidence-thresholded escalation policy.

6.5 End-to-End Agent Evaluation

To demonstrate the impact of state arbitration
on downstream agent behavior, we evaluate the
full agent (UCM + Arbitration) against the Over-
write baseline on multi-turn interactions. Table 4
presents three representative cases from the evalu-
ation suite.

In Case 1, the Overwrite baseline fails to track
the temporal validity of the dosage change, giving
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Table 3: Ablation results. Each row removes one component of the full system.

CONFIGURATION UNIQUE-F1 CONFLICT-F1

FULL SYSTEM 0.8508 0.9762
W/O ARBITRATION (OVERWRITE) 0.4531 0.5012
W/O BRANCH-CONFLICT 0.7213 0.4891
FIXED ROUTING (TIER 3 ALWAYS) 0.8201 0.9650

potentially harmful advice. In Case 2, the baseline
replaces the old symptom entirely, whereas the ar-
bitration agent correctly preserves both symptoms
as a concurrent state. In Case 3, the baseline is
confused by retroactive reporting, while the arbi-
tration agent correctly reconstructs the historical
timeline. These cases highlight that state arbitra-
tion is not merely a memory optimization, but a
prerequisite for safe, coherent agentic behavior in
longitudinal settings.

6.6 Error Analysis

We performed a stratified error analysis across at-
tribute categories (medication, vital signs, symp-
toms, diagnosis) and difficulty levels (easy,
medium, hard) using the error analysis framework
provided in the Med-LongMem suite.

The most common failure mode, accounting for
61% of Unique-F1 errors, is false supersede. This
occurs when the system incorrectly triggers the
SUPERSEDE operator because a patient uses collo-
quial language that superficially resembles a stop
or change pattern. For example, a patient stating “I
haven’t been taking it regularly” might be misclas-
sified as a definitive medication stop, terminating
the valid-time window prematurely.

A secondary failure mode is temporal anchor-
ing failure (22% of errors). When a patient pro-
vides a vague temporal reference, such as “a while
ago” or “sometime last month,” the system strug-
gles to reliably set tevent. This leads to incorrect
valid-time window assignments, which can subse-
quently cause valid states to be incorrectly flagged
as conflicting or superseded when new, precisely-
timestamped evidence arrives.

Finally, implicit refinement failures account for
12% of errors. These occur when new evidence
should trigger the REFINE operator but is instead
treated as a BRANCH-CONFLICT because the se-
mantic equivalence threshold is too strict. For in-
stance, updating “Metformin” to “Glucophage” (a
brand name for Metformin) might be treated as a
conflict rather than a refinement if the underlying

medical ontology mapping fails.
These findings suggest that while the arbitra-

tion architecture is robust, its performance is bot-
tlenecked by the precision of the underlying nat-
ural language understanding modules. Improving
the robustness of the action pattern classifier, inte-
grating a more sophisticated temporal expression
normalizer, and expanding the medical ontology
for equivalence checking are the most impactful
directions for future work.

7 Discussion

7.1 Generalizability Beyond Diabetes

While our evaluation focuses on diabetes manage-
ment, the state-centric paradigm is designed to
generalize to any longitudinal biomedical domain
where patient attributes evolve over time. Oncol-
ogy treatment tracking presents a particularly com-
pelling application: chemotherapy regimens are
frequently modified based on toxicity profiles and
tumor response, creating a complex sequence of
superseded and branching medication states that
retrieval-centric systems cannot reliably manage.
Similarly, post-surgical recovery monitoring re-
quires the agent to track wound healing progres-
sion, pain scores, and rehabilitation milestones
across weeks, where early reports may be retroac-
tively revised by subsequent clinical assessments.
Mental health longitudinal assessment—tracking
symptom severity, medication adherence, and psy-
chosocial stressors over months—exemplifies the
need for the BRANCH-CONFLICT operator, as
patients often provide contradictory self-reports
across sessions.

The key requirement for applying our frame-
work to these domains is the specification of
domain-specific formal constraints (Section 4) and
the calibration of the confidence weighting hyper-
parameters (α, β, γ) on domain-specific data. The
bi-temporal representation and the four arbitration
operators are domain-agnostic; only the constraint
rules and confidence priors require adaptation.
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Table 4: End-to-End Agent Evaluation: Representative multi-turn cases comparing the Arbitration Agent with the
Overwrite Baseline.

Dialogue Context Overwrite Baseline Ours (Arbitration Agent)

T1 (Jan 5): “Started Metformin
500mg.”
T12 (Feb 1): “Doc increased to
1000mg.”
T15 (Feb 3): “Should I take my
500mg pill now?”

Yes, you can take your 500mg Metformin
pill now. (Fails to recognize the super-
seded dosage).

No, your doctor increased your dosage
to 1000mg on Feb 1. You should not take
the 500mg pill.

T4 (Mar 10): “I have numbness in my
feet.”
T8 (Mar 20): “My vision is blurry to-
day.”
Query: “What are my current symp-
toms?”

You are currently experiencing blurry vi-
sion. (Overwrites previous symptom).

You are currently experiencing blurry vi-
sion (since Mar 20) and numbness in
your feet (since Mar 10).

T2 (Apr 1): “Taking 10U Insulin.”
T10 (Apr 15): “I actually stopped the
Insulin three days ago.”
Query: “Was I taking Insulin on Apr
13?”

Yes, you were taking 10U Insulin on Apr
13. (Fails to handle retroactive report-
ing).

No, you stopped taking Insulin on Apr 12
(three days before your Apr 15 report).

7.2 Limitations and Future Directions

Our current implementation has three notable lim-
itations. First, the action pattern classifier for de-
tecting SUPERSEDE triggers relies on a manually
curated lexical pattern set. While this achieves
high precision on the evaluation suite, it may
fail on colloquial or culturally specific language
patterns not represented in the training data. A
learned classifier, trained on a larger corpus of an-
notated medical dialogues, would improve robust-
ness.

Second, the temporal expression normalizer cur-
rently handles explicit date references and relative
expressions (“three days ago”) but struggles with
vague references (“a while ago”, “recently”). In-
tegrating a dedicated temporal information extrac-
tion model, such as those trained on the TimeML
annotation scheme, would improve the accuracy
of tevent assignment.

Third, our evaluation suite, while slot-level and
statistically bootstrapped, is derived from a sin-
gle disease domain (Type 2 diabetes). A multi-
domain evaluation across at least three chronic dis-
ease types would provide stronger evidence for the
generalizability of our approach. We release our
evaluation framework and the Med-LongMem dia-
betes suite to facilitate future benchmarking in this
area.

8 Conclusion

We have argued that longitudinal healthcare
agents require a fundamental shift from retrieval-
centric to state-centric memory. Our framework—
comprising a bi-temporal state representation, an
incremental four-operator arbitration mechanism,
and a confidence-thresholded evidence escalation
layer—provides a principled solution to the prob-
lem of maintaining accurate, evolving patient state
models over long-horizon interactions. Evalu-
ated on a longitudinal diabetes management suite
as a representative biomedical state tracking task,
our system substantially improves upon all base-
lines, demonstrating both the inadequacy of exist-
ing retrieval-centric approaches and the effective-
ness of our state-centric alternative.

More broadly, our work illustrates that agen-
tic AI is necessary in longitudinal biomedical set-
tings precisely because patient states are dynamic,
uncertain, and require continuous, evidence-
grounded arbitration. The classical concepts of be-
lief revision and bi-temporal databases, when op-
erationalized for natural-language-driven agents,
provide a powerful foundation for this task. We
anticipate that the state-centric paradigm will gen-
eralize beyond diabetes management to other lon-
gitudinal biomedical domains, including oncology
treatment tracking, post-surgical recovery monitor-
ing, and mental health longitudinal assessment.
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Abstract

A central question in the knowledge lifecy-
cle of language models is how externally in-
jected signals interact with parametric memory
accumulated during pretraining. We address
this through Residual Stream Context Encod-
ing (RSCE), a training-free method that en-
codes a context document ctx into a single
vector C ∈ RdM via mean-pooling residual
stream activations at a calibrated intermedi-
ate layer, then injects C as an additive shift
at query time. This replaces O(|T (ctx)|) at-
tention prefill with an O(1) operation and re-
veals a previously undescribed dual-pathway
interference effect: vector injection alone sup-
presses parametric recall below the question-
only baseline across four of five tested archi-
tectures. This finding—absent in behavioral
activation steering—provides mechanistic evi-
dence that LLMs maintain separate contextual-
retrieval and parametric-recall pathways that
compete when externally injected signals are
semantically rich but token-precision deficient.
A dual-channel design pairing C with a com-
pact explicit fact block F resolves this tension.
We evaluate five decoder-only architectures
(7B–70B) on multi-document QA (LongBench,
n = 108) and six on cross-file code completion
(RepoBench-C), comparing against LongLLM-
Lingua and EHPC. At extreme compression
(∼99% token reduction), RSCE Vec+F is
competitive with EHPC on smaller architec-
tures (LLaMA-8B F1 0.333 vs. EHPC 0.334;
DeepSeek-14B both 0.214) while both substan-
tially outperform LongLLMLingua. RSCE is
the only method achieving 81% compression
at 100% operational reliability on code.

1 Introduction

Large language models acquire substantial factual
knowledge during pretraining, encoding it as dis-
tributed patterns in model weights (Meng et al.,

∗Equal contribution.

2022; Dai et al., 2022). Retrieval-augmented gen-
eration (RAG) architectures inject external knowl-
edge at inference time by prepending long context
documents ctx to user queries. A foundational
question in the knowledge lifecycle of such sys-
tems is: how does externally injected knowledge
interact with the model’s internal parametric mem-
ory? When the two sources agree, models can ex-
ploit both; when they conflict or the external signal
is imprecise, interference can arise (Longpre et al.,
2021; Mallen et al., 2023; Shi et al., 2023). Un-
derstanding this interaction has direct implications
for RAG faithfulness and knowledge utilization
reliability.

We propose Residual Stream Context Encod-
ing (RSCE), which encodes ctx into a fixed vector
C ∈ RdM via mean-pooling the residual stream
at an empirically calibrated layer f(M), then in-
jects C as an additive shift at query time, bypassing
explicit token prefill entirely. This yields an O(1)
amortized per-query cost for static contexts and si-
multaneously creates a controlled setting for prob-
ing how vector-encoded external knowledge inter-
acts with parametric memory. A key mechanistic
finding emerges: across four of five tested architec-
tures, injecting C alone drives model performance
below the no-context (question-only) baseline. This
dual-pathway interference effect—absent in be-
havioral activation steering, where injected vec-
tors consistently augment performance—provides
evidence that LLMs maintain distinct contextual-
retrieval and parametric-recall circuits that compete
when the injected signal engages retrieval circuitry
without sufficient token-level grounding. A dual-
channel design pairing C with a minimal explicit
fact block F resolves this tension by supplying pre-
cise named-entity anchors for attention heads to
resolve against.

Hard-prompt compressors (Jiang et al., 2023,
2024; Fei et al., 2025) select and delete tokens
but still require a per-query forward pass and face
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a quality floor at extreme ratios. Trained soft-
compression methods (Cheng et al., 2024; Ge et al.,
2024; Chevalier et al., 2023) require auxiliary su-
pervision. Activation steering methods (Liu et al.,
2024b; Todd et al., 2024) inject vectors to encode
task demonstrations—but not factual document
content. RSCE applies the same injection mech-
anism to a qualitatively different problem, uncov-
ering a failure mode with no analog in behavioral
steering.

We make the following contributions: (1) RSCE,
a training-free, O(1) amortized context encod-
ing method with zero per-query context pre-
fill and 100% operational reliability; (2) dual-
pathway interference, confirmed across five ar-
chitectures, providing direct evidence for distinct
contextual-retrieval and parametric-recall knowl-
edge pathways in decoder-only transformers; (3) a
cross-model comparison at matched extreme
compression revealing a capacity-scaling effect
where EHPC’s advantage grows with model size;
(4) a compression-as-retrieval explanation for
LongLLMLingua’s strong code performance (Liu
et al., 2024a).

2 Related Work

2.1 Parametric vs. Contextual Knowledge
Interaction

Longpre et al. (2021) and Mallen et al. (2023) show
that LLMs often override correct parametric knowl-
edge when provided with conflicting context, while
Shi et al. (2023) demonstrates that irrelevant con-
text systematically degrades reasoning. The mech-
anisms have been partially localized: Meng et al.
(2022) and Dai et al. (2022) implicate feed-forward
network layers as primary parametric memory stor-
age, while attention heads read external context.
RSCE’s dual-pathway interference finding (Sec-
tion 5) extends this picture: injecting a vector
that engages contextual retrieval circuitry without
token-level resolution suppresses parametric recall
in a manner consistent with an attention-override
mechanism.

2.2 Context Compression for RAG

Jiang et al. (2023) and Li et al. (2023b) use
perplexity-based token scoring. Jiang et al. (2024)
adds question-aware contrastive perplexity and doc-
ument reordering. Fei et al. (2025) identifies “eval-
uator heads” locating important tokens at 0.88s
latency—current state-of-the-art training-free hard-

prompt compression. All require a per-query prefill
(Li et al., 2025). Zhang et al. (2023), Xiao et al.
(2024), and Li et al. (2024) evict KV entries within
a single pass but produce no persistent reusable
representations. Ge et al. (2024), Chevalier et al.
(2023), and Mu et al. (2023) train encoder modules
for soft embeddings. Cheng et al. (2024) projects
dense retriever embeddings through a trained MLP
bridge. Feldman and Artzi (2025) validates mean-
pooling of hidden states as superior to alternative
soft-compression architectures—but requires train-
ing, whereas RSCE is entirely training-free.

2.3 Activation Injection and the Residual
Stream

Turner et al. (2023), Li et al. (2023a), and Zou
et al. (2023) steer behavior via hidden state pertur-
bations. Liu et al. (2024b) and Todd et al. (2024)
demonstrate that intermediate-activation vectors
encode task abstractions when injected additively,
exploiting the residual stream’s role as a shared
additive communication channel (Elhage et al.,
2021). The linear representation hypothesis (Park
et al., 2024) formalizes why additive injection
shifts downstream computation. RSCE shares this
mechanism but targets factual document content,
uncovering the parametric-memory interference ef-
fect described above.

3 Method

3.1 Formal Specification

Let M be a decoder-only transformer, T a tok-
enizer, and P a prompt string. The residual context
encoding is:

g(M, ctx) = mp(resM (ctx, f(M)))

=
1

|T (ctx)|

|T (ctx)|∑

i=1

Hi ∈ RdM

where H ∈ R|T (ctx)|×dM are the residual stream
hidden states at layer f(M). Concepts are encoded
as linear directions in residual stream space (Park
et al., 2024), making mean-pooling a structure-
preserving operation over the document’s dis-
tributed semantic content, producing a document-
level representation analogous to a belief state
(Shai et al., 2024).

During inference, the input is T (F ⊕ P ) only.
At layer f(M), prior to its attention and feed-
forward sublayers, C is added uniformly: H ′

i ←
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Hi + α · C ∀i, with α = 1.0 (held-out calibra-
tion). The transformer residual stream is architec-
turally designed around additive writes from all
components (Elhage et al., 2021); this external in-
jection is structurally indistinguishable from an
internal layer’s contribution. The break-even query
count N∗ ≤ 1.1 means RSCE is net-beneficial af-
ter a single additional query. Our code is available
at https://anonymous.4open.science/
r/RSCE-2E4C/.

3.2 Fact Block Construction

Mean-pooling preserves global semantic direc-
tions but irreversibly destroys token identities
and sequential precision. The fact block F re-
stores this precision without reintroducing the
full document’s compute cost. For QA: capi-
talised multi-word proper nouns, four-digit year
tokens, and numeric values; top-15 by appear-
ance prepended as Facts: e1; e2; ... For
code: BM25Okapi retrieval over function signa-
tures, class declarations, import statements, and
SCREAMING_SNAKE_CASE constants; top-5
by relevance to the last 200 local-context charac-
ters. C provides the global semantic frame; F sup-
plies precise named-entity anchors that attention
heads can resolve against.

3.3 Injection Layer Calibration

We determine f(M) per architecture by sweeping
layers in [nlayers/4, 0.85 · nlayers] at stride 2 on 10
calibration examples. Table 1 summarizes the re-
sults. Optimal depth varies substantially: Mistral’s
sliding-window attention forces rapid shallow con-
solidation (25% depth), while larger full-attention
models require deeper processing before residual
states encode sufficient content (47–62%), consis-
tent with observations that attention mechanism de-
sign governs semantic propagation through depth
(Gromov et al., 2025).

Table 1: Calibrated injection layers per architecture.
†DeepSeek-R1-Distill uses layer 29 (60%) for code.
‡Calibrated on RepoBench-C EditSim (n = 20).

Model nL dM f(M) Depth Score

LLaMA-3.1 8B 32 4096 14 44% 0.096
Qwen2.5 7B 28 3584 17 61% 0.105
Mistral Small 24B 40 5120 10 25% 0.312
DeepSeek-R1 14B† 48 5120 12 25% 0.085
DeepSeek-LLM 67B‡ 95 8192 45 47% 0.382
LLaMA-3.1 70B‡ 80 8192 50 62% 0.371

4 Experimental Design

We use six instruction-tuned architectures in
bfloat16 on NVIDIA H100 80GB GPUs: LLaMA-
3.1 8B, Qwen2.5 7B, DeepSeek-R1-Distill 14B,
Mistral Small 24B, DeepSeek-LLM 67B Chat, and
LLaMA-3.1 70B Instruct. All six are used for
RepoBench-C; QA evaluation uses five (DeepSeek-
LLM 67B lacks QA instruction-following calibra-
tion).

We sample n = 108 QA examples (Hot-
potQA: 17, 2WikiMultiHopQA: 91), filtering
for 200–12,000-word contexts (Bai et al., 2024).
Average baseline length ≈8,700 tokens vs.
≈52 for Vec+F (>99% reduction). Metrics:
SQuAD-style Token F1 and Exact Match. For
RepoBench-C, n = 200 samples per model from
tianyang/repobench_python_v1.1
cross_file_first, seed 42 (Liu et al.,
2024c). Metric: character-level Edit Similarity.

LongLLMLingua (Jiang et al., 2024) uses
Llama-2-7b-hf as a separate compressor
(EMI). EHPC (Fei et al., 2025) is implemented
in NMI mode with top-8 evaluator heads per model
from a 50-probe NIAH pilot. Both evaluated at
4×, 10×, and token-matched budgets (≈52 to-
kens QA / ≈963 tokens code). All methods share
identical prompt templates and generation param-
eters (greedy, max_new_tokens=50). See Ap-
pendix A.

5 Findings

5.1 QA: Dual-Channel Mechanism and
Cross-Method Comparison

Table 2 reports all conditions for LLaMA-3.1-8B.
Table 3 extends to all five QA architectures.

Table 2: LLaMA-3.1-8B QA results (n = 108, all con-
ditions on identical samples). Rule separates moderate
from extreme compression.

Method Setting F1 EM TokRed

Baseline full ctx 0.410 67.6% 0%
EHPC 4× 0.400 67.6% 74.5%
LLMLingua 4× 0.377 62.0% 74.8%
EHPC 10× 0.409 60.2% 89.4%
LLMLingua 10× 0.294 50.0% 88.6%
EHPC 2,048 tok 0.367 71.3% 49.1%

Q-only no ctx 0.286 35.2% 99.4%
RSCE Vec — 0.252 29.6% 99.4%
LLMLingua 52 tok 0.209 32.4% 95.9%
EHPC 52 tok 0.334 48.1% 98.0%
RSCE Vec+F O(1) 0.333 29.6% 99.4%
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Table 3: Cross-model matched-compression (n = 108).
Ret. = Vec+F F1 / Baseline F1. EHPC TokRed ≈98%;
LLMLingua ≈96%; RSCE ≈99.4%. ⋆Qwen inverse
fact-block effect; see text. †No LLMLingua run for
LLaMA-70B.

Model Base Vec+F Ret. EHPC LLMLingua

LLaMA-3.1 8B 0.410 0.333 81% 0.334 0.209
Qwen2.5 7B 0.153 0.094⋆ 61% 0.145 0.078
DeepSeek-R1 14B 0.342 0.214 63% 0.214 0.172
Mistral 24B 0.548 0.353 64% 0.442 0.235
LLaMA-3.1 70B 0.604 0.365 60% 0.539 —†

Four findings emerge from these results.
Vec injection suppresses parametric memory in

most architectures. This result speaks directly to
the interaction between externally injected knowl-
edge representations and internally stored paramet-
ric knowledge. On LLaMA-8B (F1 0.252 vs. Q-
only 0.286), Mistral-24B (0.230 vs. 0.243), and
LLaMA-70B (0.278 vs. 0.302), Vec falls below Q-
only. DeepSeek-R1-14B ties (0.165 = 0.165). Only
Qwen shows Vec marginally above Q-only (0.126
vs. 0.111)—yet its fact block still fails (Vec+F =
0.094 < Q-only). This is consistent with dual-
pathway interference (Shi et al., 2023; Mallen et al.,
2023): the injected vector engages contextual re-
trieval circuitry (Meng et al., 2022; Dai et al., 2022),
suppressing parametric recall without providing
sufficient token-level grounding to compensate.

The fact block is constitutive for four of five mod-
els. Vec+F > Vec for LLaMA-8B, DeepSeek-14B,
Mistral-24B, and LLaMA-70B, and Vec+F > Q-
only for all four—confirming the dual-channel de-
sign recovers quality neither channel alone pro-
vides. The exception is Qwen-7B (Vec+F = 0.094
< Q-only = 0.111), where the Facts: prefix acts
as an answer-space constraint. Instruction-tuned
models exhibit large performance swings from pre-
fix formatting (Sclar et al., 2024); Qwen’s RLHF
alignment appears particularly sensitive to fact-list
format in 2WikiMultiHopQA (Vec+F = 0.063 vs.
Q-only = 0.088). Fact-block formatting should be
instruction-template-aware in deployment.

At moderate compression, EHPC substantially
outperforms RSCE. On LLaMA-8B, EHPC at
4× achieves F1 = 0.400 (near the 0.410 base-
line), while RSCE reaches only 0.333. Token-
selection methods retain natural-language coher-
ence; RSCE’s distributed encoding discards sequen-
tial structure critical for multi-hop chains.

At extreme compression, results are model-

dependent. On LLaMA-8B and DeepSeek-
14B, RSCE Vec+F ties EHPC (0.333/0.334 and
0.214/0.214). On Mistral-24B and LLaMA-70B,
EHPC’s advantage grows (0.442 vs. 0.353 and
0.539 vs. 0.365). We attribute this to a capacity-
scaling effect: larger models reason more effec-
tively from sparse token signals (Brown et al.,
2020); RSCE’s fixed-quality vector does not benefit
from increased reasoning capacity. RSCE retains
distinct advantages: zero per-query context prefill,
100% reliability, and strict O(1) amortized cost.
LongLLMLingua underperforms both methods at
matched budgets across all models.

EM degradation under RSCE is structural: com-
pressed representations elicit shorter answers lack-
ing the verbosity for substring containment. Token
F1 is the appropriate primary metric.

5.2 Code Completion:
Compression-as-Retrieval vs. Semantic
Encoding

Tables 4 and 5 report RepoBench-C results.
LongLLMLingua substantially outperforms both

RSCE and the full-context baseline on code (Ed-
itSim ≈0.64 vs. baseline ≈0.37 for the 3 tested
models). For structured code contexts, perplexity-
based compression acts as effective relevance fil-
tering. Full-context baselines suffer from atten-
tion dilution across the ≈11,485-token average
cross-file context (Liu et al., 2024a). LongLLMLin-
gua’s question-aware contrastive perplexity identi-
fies syntactically surprising tokens—function sig-
natures, type annotations, specific identifiers—
precisely the tokens required for code completion.
Compression and reordering place high-surprisal
tokens in the favored beginning/end positions (Liu
et al., 2024a), a compression-as-retrieval mecha-
nism with no analog in RSCE’s distributed seman-
tic encoding.

EHPC’s 40–50% failure rate on RepoBench-C
(attention memory budget exceeded for long code
sequences) makes its EditSim over successful sam-
ples unrepresentative. RSCE achieves 81% com-
pression at 100% reliability—the only method to do
so—with a scale-invariant 2–4 EditSim percentage-
point overhead (Section 5.3).

DeepSeek-LLM 67B inverts the pattern: its 4K
context window truncates the average 11,485-token
cross-file context, suppressing the baseline to 0.147.
RSCE bypasses the window constraint entirely,
yielding Vec+F = 0.364 (+0.217). Activation injec-
tion can thus extend effective context for architec-
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Table 4: RepoBench-C RSCE results. †200 valid examples. DeepSeek-67B’s baseline (0.147) is suppressed by its
4K context window; RSCE injection bypasses this constraint (+0.217). Baseline EditSim: LLaMA-8B 0.348, Qwen
0.392, DeepSeek-14B 0.344, Mistral 0.397, DeepSeek-67B 0.147, LLaMA-70B 0.372.

EditSim ∆EditSim

Model Params Vec Vec+F Vec Vec+F TokRed

LLaMA-3.1 8B 8B 0.317 0.319 −0.031 −0.029 81.2%
Qwen2.5 7B 7B 0.365 0.355 −0.028 −0.038 81.2%
DeepSeek-R1 14B 14B 0.322 0.330 −0.022 −0.014 81.2%
Mistral 24B 24B 0.381 0.377 −0.016 −0.020 81.1%
DeepSeek-LLM 67B 67B 0.352 0.364 +0.205 +0.217 81.2%
LLaMA-3.1 70B† 70B 0.348 0.352 −0.024 −0.021 80.3%

All 6 (avg) — 0.348 0.350 +0.014 +0.017 81.0%
Excl. 67B (avg) — 0.347 0.348 −0.024 −0.024 81.0%

Table 5: RepoBench-C baseline comparison. LongLLMLingua reported over 3 models (LLaMA-8B, Qwen-7B,
DeepSeek-14B). EHPC reported over 4 models, successful samples only (53–65% success rate; see Appendix).
RSCE is the only method achieving 81% compression at 100% reliability.

Method Setting Coverage Avg EditSim Actual TokRed

Baseline full context 4 models 0.370∗ 0%
LongLLMLingua 6× 3 models, 199/200 OK 0.639 68.9%
LongLLMLingua Matched 3 models, 199/200 OK 0.645 65.0%
EHPC 6× 4 models, ∼59% OK 0.425† 61%
EHPC Matched 4 models, ∼57% OK 0.445† 43%
RSCE Vec+F O(1) 4 models, 100% OK 0.347∗ 81.2%
∗Excl. DeepSeek-67B. †Over successful samples only.

turally constrained models.

5.3 Scale Invariance on Code
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Figure 1: RSCE Vec+F overhead on RepoBench-C (excl.
DeepSeek-67B) forms a flat band of −0.038 to −0.014
∆EditSim across an order of magnitude in parameter
count, enabling architecture-agnostic deployment plan-
ning.

Figure 1 shows that RSCE code overhead is flat
across 7B–70B parameters. This scale invariance—
which does not hold for QA F1 retention (60–81%,
driven by instruction-format sensitivity and model-
specific parametric knowledge quality)—indicates
that code compression fidelity is governed by layer

geometry and attention structure captured in the
calibration sweep, not raw parameter count.

6 Discussion

Dual-pathway interference and knowledge rout-
ing. The Vec ≤ Q-only finding across 4 of 5 ar-
chitectures provides mechanistic insight into how
LLMs route externally injected knowledge signals
relative to internally stored parametric knowledge.
Under the attention override hypothesis: inject-
ing C biases representations toward contextual re-
trieval mode, activating context-reading attention
heads while suppressing MLP-based parametric
recall (Meng et al., 2022; Dai et al., 2022). The
model anticipates finding the answer in context,
but mean-pooling has destroyed token-level resolu-
tion so the retrieval attempt fails. The fact block F
resolves this by providing exact token anchors. Un-
der the distributional shift hypothesis: the additive
vector pushes residual stream norms outside the
training distribution, causing feed-forward misfires
on factual recall neurons (Geva et al., 2021). The
consistency of Vec ≤ Q-only across architectures
with different attention mechanisms (SWA, GQA,
full attention) and training objectives (SFT, DPO,
CoT distillation) favors the attention override hy-
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pothesis, as distributional shift would vary more by
architecture.

This interference is absent in behavioral steer-
ing (Liu et al., 2024b; Todd et al., 2024), where in-
jected vectors augment performance monotonically.
Behavioral vectors encode procedural abstractions
alongside default processing; factual content vec-
tors engage a separate context-reading pathway that
competes with parametric recall. This has direct
implications for knowledge utilization faithfulness
in RAG systems.

Implications for knowledge injection design.
Our results reveal a failure mode in knowledge
injection via activation space: even when a vec-
tor faithfully encodes document-level semantics,
its injection can suppress the model’s own para-
metric knowledge if the signal format mismatches
the model’s context-reading circuitry expectations.
This suggests a design principle: external knowl-
edge representations must provide sufficient token-
level resolution to satisfy context-reading circuitry,
or they will actively degrade reliance on parametric
knowledge rather than complement it. The dual-
channel RSCE design operationalises this principle
in a training-free setting.

Capacity-scaling of EHPC vs. RSCE. The
growing EHPC advantage on larger models (from
+0.001 on LLaMA-8B to +0.174 on LLaMA-70B
at matched compression) reflects an asymmetry in
how model scale interacts with the two paradigms.
Larger models reason more effectively from sparse
token signals (Brown et al., 2020); RSCE’s fixed-
quality activation shift does not benefit from in-
creased reasoning capacity. RSCE’s advantage over
EHPC is therefore most pronounced on architec-
tures below ∼24B parameters.

Domain-dependent optimality. Code comple-
tion requires structural precision (correct function
signatures, exact identifiers) that perplexity-based
token selection identifies automatically. QA at
extreme compression requires semantic framing
that RSCE’s distributed vector preserves better. A
hybrid combining RSCE for persistent static con-
text framing with LongLLMLingua or EHPC for
dynamic snippets would likely outperform either
alone.

Deployment guarantees. RSCE offers guaran-
tees that token-selection methods cannot: zero per-
query context prefill, 100% compression reliability,
and strictly O(1) amortized cost. The break-even

of N∗ ≤ 1.1 means RSCE is net-beneficial from
the second query onward.

7 Conclusion

We have presented RSCE, a training-free, O(1)
amortized context encoding method with zero
per-query context forward pass and 100% oper-
ational reliability. Across five decoder-only archi-
tectures, vector injection alone suppresses para-
metric recall below the no-context baseline—a
dual-pathway interference effect absent in behav-
ioral steering—while the paired fact block recovers
60–81% of full-context F1 at ∼99% token reduc-
tion. At extreme compression, RSCE is competi-
tive with EHPC on smaller architectures while a
capacity-scaling effect gives EHPC a growing qual-
ity advantage on larger models. On RepoBench-C,
LongLLMLingua substantially outperforms both
via compression-as-retrieval; RSCE uniquely offers
81% compression at 100% reliability with scale-
invariant 2–4 point overhead from 7B to 70B.

Beyond its practical contributions, the dual-
pathway interference finding constitutes a concrete,
reproducible probe into the interaction between ex-
ternally injected knowledge and parametric mem-
ory in decoder-only transformers. The result that
semantically rich but token-precision-deficient sig-
nals actively suppress parametric recall—rather
than degrading gracefully—illuminates a previ-
ously undescribed mode of knowledge conflict in
LLMs, with direct implications for the design of
faithful RAG and knowledge augmentation sys-
tems.

Limitations

QA evaluations use the same n = 108 sample set
across all five models; the small HotpotQA subset
(n = 17) is insufficient for per-task statistical con-
fidence. We use mean-pooling and α = 1.0 with-
out systematic ablation of pooling strategy, scale
factor, or positional targeting. Qwen’s inverse fact-
block effect requires instruction-format-aware fact-
block construction not yet implemented. The dual-
pathway interference mechanism is hypothesized
but not directly probed via residual norm measure-
ment or attention pattern analysis. Mean-pooling
destroys sequential structure, limiting RSCE to con-
texts where ordering is not the primary inference
target.
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A Baseline Implementation Details

Both baselines share infrastructure with RSCE:
identical sample indices, prompt templates
(Context: / Question: / Answer:
for QA; # Cross-file context: / #
Current file: / # Complete the
next line: for code), and generation parame-
ters (greedy, max_new_tokens=50, bfloat16,
H100-80GB). Failed compression attempts record
uncompressed token counts, preserving benchmark
integrity.

LongLLMLingua (Jiang et al., 2024)
uses NousResearch/Llama-2-7b-hf
as a separate compressor (EMI); QA
uses condition_compare=True,
rank_method=longllmlingua,
reorder_context=sort; code disables
question-aware mode. Three progressively relaxed
parameter bundles are attempted on split-document
and merged-context inputs.

EHPC (Fei et al., 2025) is implemented in NMI
mode (same model for compression and inference):
a 50-probe NIAH pilot per model selects top-8 eval-
uator heads; targeted forward hooks capture only
the evaluator layer (8 GiB budget); observation-
window rows are summed and smoothed with a 1D
pooling kernel (size 3); prompts reconstruct from
retained token IDs with character-offset accounting
to prevent BPE artifacts. EHPC’s RepoBench-C
failures (40–50%) stem from the attention memory
budget being exceeded on long code sequences; all
reported EditSim values are computed over suc-
cessful samples only.

B Per-Task QA Breakdown

HotpotQA consistently shows higher RSCE re-
tention than 2WikiMultiHopQA. HotpotQA re-
quires bridging two supporting facts—a structure
the residual encoding’s global semantic frame can
partially represent. 2WikiMultiHopQA requires
longer multi-hop chains where sequential token
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Table 6: RSCE per-task QA breakdown for all five models. HotpotQA n = 17; 2WikiMultiHopQA n = 91. ⋆Vec+F
exceeds baseline on HotpotQA due to Qwen’s low baseline (0.226).

Model Task Base F1 Q-only Vec Vec+F Ret.

LLaMA-8B HotpotQA 0.688 0.378 — 0.493 72%
LLaMA-8B 2WikiMQA 0.358 0.269 — 0.303 85%
Mistral-24B HotpotQA 0.622 0.425 0.455 0.554 89%
Mistral-24B 2WikiMQA 0.534 0.208 0.188 0.316 59%
DeepSeek-14B HotpotQA 0.495 0.109 0.118 0.328 66%
DeepSeek-14B 2WikiMQA 0.313 0.175 0.174 0.193 62%
LLaMA-70B HotpotQA 0.627 0.521 0.521 0.583 93%
LLaMA-70B 2WikiMQA 0.600 0.261 0.232 0.325 54%
Qwen-7B HotpotQA 0.226 0.231 0.223 0.259 115%⋆

Qwen-7B 2WikiMQA 0.139 0.088 0.108 0.063 45%

precision matters more. The LLaMA-70B Hot-
potQA result (93% retention) demonstrates that at
large scale, RSCE can approach full-context per-
formance on simpler multi-hop tasks.
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Abstract

Object recognition models are well studied on
benchmark datasets, typically focusing on per-
formance in retrieving objects that exist in im-
ages. However, in real-life scenarios there is no
prior knowledge of an object’s existence, and
current research fails to assess model perfor-
mance in these situations. This research aims
to shed light on this problem by testing three
Open-World models, YOLO-World, Grounding
Dino and GPT-4o, on the LVIS, Open Images,
and JUS datasets. We design an experiment
where models are confronted with impossible
prompts by instructing them to retrieve non-
existing objects. This allows us to observe
the models’ uncertainty performance. Over-
all, GPT-4o performed poorest with regard to
object recognition and uncertainty estimation.
GPT-4o showed to be highly overconfident. In
contrast, YOLO-World and Grounding Dino
are slightly underconfident, but they are supe-
rior in their uncertainty calibration in compar-
ison to GPT-4o. However, all three models
occasionally assign high confident predictions
to non-existing objects. Showing that improve-
ment can still be made to the uncertainty esti-
mation of these models when confronted with
impossible prompts.

1 Introduction

Object recognition is one of the most important
fundamental parts of computer vision, and the last
two decades the amount of research on this topic
has increased tremendously (Zou et al., 2023). Ob-
ject recognition is an essential task in computer vi-
sion that involves classifying and localizing objects
within images or video frames. This technology
has found widespread application across numerous
domains, such as autonomous vehicles, industrial
automation, video surveillance, and various other
fields.

Object recognition models first classify zero or
more objects within an image. In contrast to image

YOLO-World Grounding Dino GPT-4o

(["kitchen", (["dishrag"]) (["container"])
"utensil",
"cheetah"])

Figure 1: Predictions of missing labels of the three vari-
ous models, these examples showcase that the models
give prediction for non-existing labels with a high confi-
dence. Showing the inability to handle their uncertainty.

classification, these models can recognize multiple
objects within a picture, whereas image classifica-
tion aims to classify a picture as a whole. In ad-
dition to classification, object recognition models
are capable of the localization of objects through
the application of bounding boxes. These bound-
ing boxes show the region where the object can
be found within the picture. In Figure 2 it can
be seen how a model retrieves objects from an
image depending on which classes are prompted.
Other examples can be found in Appendix I. More-
over, object recognition models are trained on a
dataset with a finite set of object classes. This lim-
its their ability to classify objects that are beyond
the classes within the training data. As a result,
such objects can not be classified correctly. How-
ever, research has found that whenever faced with
unknown objects, these models frequently misclas-
sify them as an object class in the training data
(Joseph et al., 2021). This behavior is undesirable,
as it decreases the reliability of the predictions.
Furthermore, research has found that even small
modifications to specific sub-regions of an image
can affect the model’s ability to detect objects in
other, non-local parts of the scene (Rosenfeld et al.,
2018). In particular, adding objects whose classes
were present during training can lead the model to
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Ground truth [’skirt’] [’skirt’, ’flag-
pole’]

[’skirt’, ’flag-
pole’, ’flip-
flop_(sandal)’]

’skirt’, ’flag-
pole’, ’flip-
flop_(sandal)’,
’flag’]

[’skirt’, ’flag-
pole’, ’flip-
flop_(sandal)’,
’flag’, kite’]

Figure 2: Subset of ground-truth classes evaluated with YOLO-World, illustrating how the model reassigns object
labels when it predicts higher confidence for an alternate class.

flip or suppress the classification of other objects in
the image. This shows the brittleness of the mod-
els to misclassify objects. These misclassifications
presents a serious issue, particularly in high-risk
scenarios where incorrect detections could lead to
severe consequences (Andres et al., 2024).

Current research is focused on the performance
of these models on benchmark labeled datasets.
The focus lies in detecting objects that are present
in the images. However, current research on these
models does not take into account what happens
when these models try to detect objects that are
not present in an image. Object recognition mod-
els often fail to correctly refrain from identifying
missing object classes or fail to demonstrate its un-
certainty correctly as shown in Figure 1. Therefore,
this research aims to shed light to this problem, as
in real-life scenarios models often don’t know if
an object is present in the image or not. Therefore,
understanding their behavior in these situation is
crucial. This gives rise to the following research
question and sub research questions:

1. How do Open-World object recognition mod-
els perform when confronted with impossible
prompts?

2. How do these models react when asked to
identify objects that are not visible?

3. To what extent are these models capable of
recognizing when an object is absent and can-
not be detected?

The goal is that models can correctly show
how confident they are with their predictions, also
known as their uncertainty. This uncertainty is
crucial such that users can trust the output of the
models. As such, understanding and addressing
the uncertainty in these models is vital for their
responsible development. These models function
as foundational models as they can be implemented

in a wide range of applications. The goal of this
research is to test the knowledge of these models
in their open-world capabilities. This is done by
exploring the performance and limitation of them
in scenarios where models should be highly un-
certain by including objects that are absent from
the images. The contributions of this work are: an
evaluation of several open world object detection
models under labels that are prompted but missing
from the image, results evaluating calibration and
task performance, and our evaluation reveals short-
comings of open world object detection models in
terms of calibration under a form of distribution
shift.

1.1 State-of-the-art

Classical object recognition models are only ca-
pable to detect object classes which were present
in the training dataset, leading to the inability of
detecting unseen objects. However, it is crucial that
these models are able to perform out-of-distribution
detection (Yang et al., 2024). Several solutions are
proposed to address this issue. First of all, open-set
object recognition models can recognize unknown
objects as "unknown", thereby eliminating the issue
of the incorrect labeling of object classes beyond
the training data. This addresses the issue of the
inability to generalize beyond the scope of trained
classes (Joseph et al., 2021). To extend this solution
the term ’Open-World Object Recognition models’
has been coined. Research on Open-World object
recognition aims to solve the issues regarding the
limited classes of the training data by allowing the
model to learn object classes beyond these classes
(Li et al., 2024). For example, Open-World object
recognition models can classify objects that are not
included in the training data as "unknown". Subse-
quently, these "unknown" classes can be externally
classified, which allows the models to learn these
new classes without the need for retraining. Hereby,
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open-set and Open-World object recognition mod-
els help mitigate the problem of encountering un-
known objects.

Furthermore, zero-shot models have been intro-
duced to allow models to identify object classes
beyond the classes that it was trained on (Cao et al.,
2025). This is done by looking at the proximity
of words in the word embedding space. Zero-shot
models utilize this principle to allow for the classi-
fication of classes outside of the training data. This
allows zero-shot models to classify objects it has
not seen in training.

The issue of handling unknown objects has been
addressed, but uncertainty remains a potential chal-
lenge in object recognition. Even though confi-
dence scores are already present, these do not al-
ways reflect correct uncertainty. Models must not
be overconfident as this can be problematic, es-
pecially in high-stakes decision-making scenarios
(Valdenegro-Toro, 2021). Therefore evaluating this
uncertainty remains crucial.

Utilizing this confidence score increases user
trust, however this does not help mitigate model
hallucinations. Model hallucinations are high con-
fidence incorrect outputs and reducing them often
has a negative impact on object recall (Ren et al.,
2024). These hallucinations limit the ability for
proper application, as observed in Vision-Language
Models (Liu et al., 2024a). Therefore, hallucina-
tions are also major limitation in object recognition.

In conclusion, object recognition models have
been developed to address the challenges of out-
of-distribution detection. Models incorporate un-
certainty scores reflecting the confidence in their
predictions. Both features are designed to enhance
the trustworthiness of object recognition systems
and improve their ability to manage uncertainty.

Since limited research has been done on the
behavior of models when faced with impossible
prompts, this study aims to address this gap. We
will compare open-world object recognition mod-
els on benchmark datasets through an experiment
in which the models are presented with impossible
prompts. Previous work has shown that large lan-
guage models are prone to hallucinate (Huang et al.,
2025) and this problem has also been observed in
large vision language models (Sahoo et al., 2024).
In general, hallucinations are a significant issue in
large foundation models (Jin et al., 2025), there-
fore, we hypothesize that these foundation object
detection models will also hallucinate in these im-
possible scenarios.

2 Methodology

2.1 Models

In this research, three models are evaluated on three
datasets to aid in understanding the overconfidence
level of Open-World object recognition models.
Each model has shown individual excellence in
the performance of object recognition tasks, by
implementing new model designs to overcome the
limitations of previous models, and by scoring high
mAP scores on benchmark datasets.

The first model that will be used in this experi-
ment is YOLO-World specifically the YOLOv8l-
world version. YOLO-World is an Open-
Vocabulary Open-World object recognition model
that extends the limitation of models trained on
a relatively small number of class datasets and
extends previous YOLO (You Only Look Once)
detectors. This enables this model to recognize
objects outside of its initial training data (Cheng
et al., 2024). Open-Vocabulary models, such as
YOLO-World, are designed to classify objects be-
yond the predefined classes they were trained on,
offering a significant advantage in real-life environ-
ments. The weights of the YOLO-World model are
imported via the Ultralytics library.

The second Open-World model is Grounding
DINO, a model built upon DINO (DETR with
Improved deNoising anchOr boxes)(Zhang et al.,
2022). Grounding DINO is an Open-Set object
recognition model that is capable of recognizing
objects given text commands as input (Liu et al.,
2024b). The design of Grounding DINO is made
to better combine the cross modality information.
Hereby, Grounding DINO is able to fuse the text
features with the image features, which results in
better overall performance such as a 52.5 AP on
the COCO (Common Object in Context) detection
zero-shot transfer benchmark (Liu et al., 2024b).
The Grounding DINO model is implemented using
a Hugging Face environment, and the grounding-
dino-base model is used in this research.

The final model is GPT-4o, a Generative Pre-
trained Transformer, which is a multimodal system
capable of processing various types of data includ-
ing images and text, making it suitable for object
recognition tasks (Yang et al., 2023). Trained on a
diverse number of data sources, GPT-4o’s ability to
handle object detection presents an interesting topic
for comparison in this study. GPT-4o is accessed
using a chat completion API provided by OpenAI,
including the image and the prompt. The prompt
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(in Appendix C) is designed such that the output
format is in line with YOLO-World and Grounding
Dino.

This comparison aims to shed light on the capa-
bilities and limitations of these models, particularly
in handling impossible prompts and uncertainty.

2.2 Datasets
To test these models, this research will make use of
the LVIS validation set. The LVIS dataset serves
as a widely used benchmark for object recogni-
tion tasks and is used to evaluate both the YOLO-
World model and the Grounding DINO model. This
dataset consists of 164,000 images, spanning 1000
distinct object categories (Gupta et al., 2019).

The second dataset is the Open Images dataset,
which is a benchmark dataset used for the training
and validation of a wide range of state-of-the-art
computer vision tasks (Kuznetsova et al., 2020).
The dataset consists of around 9 million images
including 600 object categories. This research will
use its validation set for its experiment.

Lastly, a dataset containing Japanese uncer-
tainty scenes will be used. This dataset con-
tains pictures designed for testing the uncertainty
of Vision-Language Models (VLMs) (Groot and
Valdenegro-Toro, 2024), and is therefore expected
to give interesting insights into the performance
of the state-of-the-art object recognition models.
The dataset is available via https://github.com/
ML-RUG/jus-dataset and contains images, in-
cluding prompts used for Vision Language Evalua-
tion.

2.3 Data Gathering
Both the LVIS and Open Images datasets are im-
ported using a FiftyOne library, which provides
an easy interaction with the datasets. In this study,
1000 images of each of these two datasets are tested
by setting the max_samples parameter to 1000.

The full dataset of the Japanese Uncertainty
Scenes is used, containing 39 images. This dataset
does not contain ground truth values for the objects.
To manually label these objects, the information
in the prompt is used. When no object classes are
present in the prompt, the objects in the image will
be manually assigned. This ensures that all images
have labeled existing objects. The labels assigned
for all images can be found in Appendix H.

Each model is tested on all three datasets. For
each sample in the dataset, a list of ground truth
object classes is retrieved. Afterwards, a list of

missing object classes is generated. The aim for
the missing classes is to test the out-of-distribution
detection capabilities of the models. This list is
generated as follows:

Let CLVIS denote the set of classes in the LVIS
dataset, COI denote the set of classes in the Open Im-
ages (OI) dataset and CJUS denote the set of classes
in the Japanese Uncertainty Scenes (JUS) dataset.

We then define the missing classes set used for
testing as follows:

1. Missing classes for testing on Open Images:

Cmiss, OI = CLVIS \ COI (1)

2. Missing classes for testing on LVIS:

Cmiss, LVIS = COI \ CLVIS (2)

3. Missing classes for testing on JUS:

Cmiss, JUS = CLVIS \ CJUS (3)

To further ensure the quality of the missing
classes list, we remove common classes such as
’human face’ from the CLVIS , COI and CJUS as de-
fined in Table 6. These classes might not be labeled
but are expected to be present in the images and are
therefore removed. The full list of removed classes
can be found in Appendix G.

Table 1: Class sets and their description.

Class set Description

CLVIS LVIS classes
COI Open Images (OI) classes
CJUS Japanese Uncertainty Scenes (JUS) classes
Cmiss, OI Missing classes for OI evaluation
Cmiss, LVIS Missing classes for LVIS evaluation
Cmiss, JUS Missing classes for JUS evaluation

After computing these unique sets, we further
filter the synset lemmas for each object class using
Wordnet. Object classes that have a synset rela-
tion with the original class are removed. Synsets
represent related concepts, so retaining these ob-
ject classes could reduce the distinctiveness of the
missing classes. This process ensures the distinc-
tiveness of the object classes. In our experimental
setup, as found in Table 1:

• The set Cmiss, OI is used for retrieving the miss-
ing classes for testing on the Open Images
dataset.
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Table 2: Metrics of Various Models on Different
Datasets.

LVIS OI

Model mAP AUC ECE mAP AUC ECE

YOLO-World 0.294 0.85 0.136 0.394 0.82 0.090
Grounding DINO 0.056 0.73 0.032 0.283 0.72 0.024
GPT-4o 0.009 0.83 0.484 0.052 0.87 0.435

• The set Cmiss, LVIS is used for retrieving the
missing classes for testing on the LVIS
dataset.

• The set Cmiss, JUS is used for retrieving the
missing classes for testing on the JUS dataset.

This approach to deriving and filtering the set
of missing labels is intended to provide a label set
suitable for sampling labels that are likely to be
absent from the images used during evaluation.

For each sample, both the known and missing
classes are evaluated using each model. To main-
tain balance, the number of missing classes selected
matches the number of known classes. Specifically,
if the number of known classes is n, then n ran-
dom samples are drawn from the missing class list.
To ensure reproducibility, a seed is used for the
random number generator.

Lastly, more settings on the project regarding
hyperparameters and postprocessing can be found
in Appendix J and K.

3 Results

mAP: In Table 2, the mAP scores of the different
models and datasets can be found. The mAP score
is calculated using the COCO evaluation protocol
(Lin et al., 2014), using an IOU value of 0.5. The
mAP scores show the performance of the classifi-
cation and localization of a model and are used as
a standard metric in the evaluation and comparison
of object recognition models.

ROC curves: In Figure 3, the ROC curves of
the models’ predictions are shown. The ROC curve
plots the false positive rate against the true positive
rate and includes the Area Under the Curve (AUC).
It is a useful tool for visualizing the trade-off be-
tween precision and recall of a model (Fawcett,
2006). The diagonal line shows random prediction
behavior of a model with an AUC score of 0.5. An
AUC score of 1.0 indicates perfect discrimination
between true positives and false positives. Figure 3
shows the differences between the LVIS and the
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Figure 3: ROC curves for the three models on the LVIS
and Open Images datasets. For each dataset, there is
one plot displaying the curve for the predictions of the
existing labels. The first two plots depict ROC curves
of the models tested on the LVIS dataset: the first for
existing labels and the second for both existing and
missing labels. The last two plots extend this analysis
to the Open Images dataset. The plots show the models’
ability to discriminate between true and false positive
predictions based on their confidence scores. Grounding
Dino shows the poorest performance, with its ROC line
closest to the diagonal and the lowest AUC score. Note
that there is a marginal difference in the third to fourth
significant figure of the AUC score when including the
missing labels.
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Figure 4: Calibration plots for three different models
evaluated on the LVIS and Open Images datasets. These
plots visualize the correspondence between predicted
confidence scores and actual accuracy. The first two
plots depict model calibration using the LVIS dataset:
the first for existing labels and the second for both ex-
isting and missing labels. The last two plots extend this
analysis to the Open Images dataset. The plots show
that GPT-4o is highly overconfident and both YOLO-
World and Grounding Dino are slightly underconfident.

Open Images dataset. The figure clearly shows
that the choice of dataset can result in a difference
in AUC score. Overall, Grounding Dino has the
lowest AUC scores for both datasets, showing the
worst performance in distinguishing between pos-
itive and negative predictions. This results in a
higher false positive rate and consequently a lower
AUC score. Furthermore, YOLO World shows the
best performance on the LVIS dataset and GPT-4o
on the Open Images dataset. In Figure 3, both plots
of the ROC curve with and without the missing
classes predictions are shown. The figure shows no
difference in ROC curves when plotted using only
the existing predictions and plotted using a combi-
nation of the existing and missing predictions.

Calibration Error: Figure 4 shows the calibra-
tion plot of testing the various models on the three
datasets. The grey dotted line shows the perfect
calibration where the confidence and the accuracy
scores are equal. The error bars are included and
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Figure 5: Boxplots of metrics versus the number of ground-truth class labels. The columns show YOLO-World
(YOLO), Grounding DINO (GD), and GPT-4o (GPT), and the rows show the LVIS and Open Images (OI) datasets.
AUC and ECE variability decreases with more classes, with AUC shifting higher and ECE lower, whereas mAP
shows no clear relationship. GPT-4o shows more random behavior.

calculated using following formula: σ =

√
p(1−p)

n ,
where p is the probability representing the confi-
dence scores, n is the total number of samples, and
σ represents the standard deviation. Lastly, the
plot is divided into 10 confidence bins, as the de-
fault number of bins for the calibration plot. This
resulted in well-formed curves and was therefore
kept unchanged.

The calibration plot reveals whether a model
exhibits over/underconfidence. Models that are po-
sitioned mostly below the perfect calibration line
are considered overconfident, whilst those above
the line are viewed as underconfident. A perfectly
calibrated model should align closely with the per-
fect calibration line. In Figure 4, it can be seen
that GPT-4o is entirely under the perfect calibra-
tion line and therefore is seen as overconfident
for both datasets. In contrast, YOLO-World and
Grounding DINO are slightly above the perfect cal-
ibrated line for the LVIS dataset and are therefore
seen as underconfident. YOLO-World and Ground-
ing Dino both showcase better calibration for the
Open Images dataset. Lastly, the results show that
over/underconfidence occurs mostly on the LVIS
dataset.

Additionally, when plotting the calibration for
both existing and missing labels, the models’ cal-
ibration is evaluated in a more realistic test sce-
nario. These models are intended for real-world
applications where pre-labeled images are not avail-
able, meaning it is uncertain whether an object is
present in the image. Therefore, comparing pre-
dictions with both existing and missing labels pro-
vides valuable insights. Figure 4 illustrates these
insights, showing that when missing predictions are
included, the calibration line of Grounding DINO
on the LVIS dataset shifts slightly closer to the
perfect calibration line. However, no significant

differences for the other calibration lines are ob-
served.

The calibration errors of the models can be seen
in Table 2. The calibration error figures allow for a
good visual comparison between the models, but it
is also beneficial to have a numeric representation
of the calibration error (Guo et al., 2017). There-
fore, the Expected Calibration Error (ECE) is used
to calculate the numeric calibration errors of the
models. The ECE is calculated as follows:

ECE =

M∑

m=1

|Bm|
n
|acc(Bm)− conf(Bm)|, (4)

where acc(Bm) represents the fraction of true pos-
itive samples and conf(Bm) represents the aver-
age confidence in each bin number m. In this for-
mula, n represents the total number of samples and
m = 10, as the calibration errors are divided into
10 bins.

Distribution of metrics for different class
sizes: In Figure 5, the distribution of the differ-
ent metrics for different numbers of classes in the
ground truth can be seen. The figure shows that
the variance of both the AUC score and ECE score
decreases when the number of classes increases
for YOLO-World and Grounding Dino. The AUC
increases and the ECE decreases when the num-
ber of classes increases. However, GPT-4o shows
no relation between the number of classes and the
metrics. Furthermore, the figure shows that there is
no relation between the number of classes and the
mAP score.

Confidence Score Distribution: The distribu-
tion of confidence scores of each model on each
dataset can be seen in Figure 7. Confidence scores
are distinguished based on whether the labels were
missing or existing. In Figure 7 it can be seen
that GPT-4o predictions are skewed to the left in
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Figure 6: Boxplot illustrating per-sample prediction
counts from various models applied to the same dataset.
The figure compares the number of existing and missing
predictions across models. Overall, Grounding DINO
gives the highest number of predictions and all models
give fewer predictions for the missing labels than for
the existing labels.

terms of their confidence on both the existing labels
and missing labels. This demonstrates that GPT-4o
frequently provides high-confidence predictions.
In contrast, both YOLO-World and Grounding
DINO show a right-skewed distribution, showing
that most predictions are made with low confi-
dence. YOLO-World, in contrast to Grounding
DINO, shows more predictions in the higher con-
fidence bins. These high confidence predictions
occur mostly for existing labels, but there are also
more high confidence predictions of the missing
labels compared with Grounding DINO. The confi-
dence distribution of the missing labels and the ex-
isting labels overlap, for greater clarity the separate
plots of the distributions can be seen in Figure 9
and Figure 10 in Appendix B.

Qualitative Comparison: For a qualitative com-
parison of the models, a plot of the predictions is
shown in Figure 8. This sample received the high-
est average confidence scores for its existing labels.
It can be seen that all three models are able to cor-
rectly identify the giraffe in the picture with high
confidence. However, Grounding DINO also miss-
identifies a tree as a giraffe with low confidence.
When looking at the prediction for the missing la-
bels it can be seen that both YOLO-World and GPT-
4o are able to correctly "see" that the image does
not contain these missing labels. However, Ground-
ing DINO does classify a number of objects in the
image even though they are not present. These
predictions of Grounding DINO do showcase that
the model is uncertain about its predictions due to
the low confidence scores. More examples can be
found in Appendix E.

GPT-4o Response Error: The prompt used for
receiving the prediction of GPT-4o can be found
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Figure 7: Density histogram showing the distribution
of confidence scores for the models’ predictions for
the missing and existing labels across all datasets. The
plots show that GPT-4o exclusively gives predictions
at high confidence levels, whereas YOLO-World and
Grounding Dino give a wider range of confidence scores,
though still showing right-skewed behavior.

Table 3: GPT-4o prompt quality and output consistency.
The success rate indicates the percentage of API calls
that returned a valid response.

Datasets Success rate

LVIS 89.2%
Open Images 81.6%
Japanese Uncertainty Scenes 76.9%

in Appendix C. While this prompt resulted in re-
sponses in the desired format, GPT-4o remains a
Large Language Model (LLM) which occasionally
results in hallucinations. Therefore, some images
were not processed correctly as the model devi-
ated from the instructions. In Table 3, the accuracy
scores can be found for each dataset. For exam-
ple, GPT-4o provided predictions for 89.2% of the
2,000 samples in the LVIS dataset, with half of the
predictions corresponding to existing labels and the
other half to missing labels.

4 Discussion

A comparison of the three models reveals that GPT-
4o exhibits the poorest performance in terms of
uncertainty. GPT-4o is notably overconfident and
demonstrates poor calibration in representing its
uncertainty. Despite achieving the highest AUC
score, GPT-4o records the lowest mAP score. This
is due to GPT-4o’s tendency to generate predictions
with high confidence in combination with its inabil-
ity to correctly localize objects. This contributes
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Figure 8: Visual comparison of ground truth (GT), de-
tections of existing labels (Existing), and detections of
missing labels (Missing) across different models with
the highest average confidence for the existing labels of
the LVIS dataset. All three models successfully detect
the giraffe in the image, however, Grounding Dino also
mislabels a tree. Above all, Grounding Dino is the only
model that makes predictions for the missing classes.

to the overconfidence and poor mAP score. Ad-
ditionally, GPT-4o frequently hallucinates due to
defiance with the API call instructions.

Analysis of YOLO-World and Grounding DINO
reveals that both models exhibit slight underconfi-
dence for the LVIS dataset. However, both mod-
els are calibrated relatively well for the Open Im-
ages dataset. In terms of mAP and AUC scores,
YOLO-World outperforms Grounding DINO, as it
achieves higher values in both metrics. This shows
that YOLO-World is superior at recognition and lo-
calization of objects and at discriminating between
classes. Furthermore, Grounding DINO is more
likely to hallucinate missing classes, whilst YOLO-
World more often refrains from predicting these
classes as seen in Figure 6.

Lastly, even though there are some manually
removed incorrect missing labels in the experiment
setup, as mentioned in Appendix K. It does not
influence the results, due to the large difference
between performance metrics in Table 2.

5 Conclusions and Future Work

To answer RQ1, the performance of these models
when faced with impossible prompts varies across
models. GPT-4o rarely predicts missing labels,
but when it does, it assigns them high confidence.

This is undesirable, as it fails to adequately convey
uncertainty, particularly in response to impossi-
ble prompts. YOLO-World and Grounding DINO
show a difference in their confidence scores when
faced with existing or missing labels, showcasing
the ability to give uncertainty estimation. This
is shown by relatively good calibration of these
models, where both models are only slightly under-
confident. To address RQ2, GPT-4o struggles with
object localization. Grounding DINO and YOLO-
World both demonstrate an ability to represent their
uncertainty. However, Grounding DINO’s perfor-
mance is hindered by a high number of unwanted
predictions. In contrast, YOLO-World achieves
the best performance in object detection and the
most accurate representation of uncertainty when
faced with impossible prompts. To answer RQ3,
we can see that both YOLO-World and Grounding
Dino show good discriminability between existing
and missing classes. Where both models are only
slightly underconfident. In contrast, GPT-4o shows
poor performance as the model is highly overconfi-
dent. GPT-4o does show a high AUC score, this is
likely due to the fact that the model produces a low
number of predictions. Therefore, this AUC score
does not represent the performance of GPT-4o ac-
curately. In conclusion, YOLO-World and Ground-
ing Dino show an ability to express uncertainty,
while GPT-4o fails to do so correctly. However,
improvements to the uncertainty estimations can
still be made. Enhancing their performance in this
regard is crucial for their application in real-life
high-stakes scenarios.

Limitations. An important next step is to evalu-
ate the models on a larger dataset such as the full
validation set of LVIS and Open Images, this will
better assess their performance on a wider range of
scenarios. We observed that some missing classes
were actually present in the image but not labeled,
this resulted in unwanted predictions, these were
removed from the results. For future implemen-
tation robustness can be enhanced by preventing
these errors. In this research there is no contrast
made whether missing classes are present in the
training data of a model, however, this could poten-
tially bias results. Lastly, a limitation with the ROC
curves is that these are constructed using only the
true positive and false positive predictions. In ob-
ject detection the true negatives and false negatives
are ill defined and are consequentially not used in
the ROC curves. Therefore, the AUC values should
be interpreted with caution.
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A Broader Impact Statement

Uncertainty estimation for large models is socially
relevant as it is desirable to detect hallucinations
or incorrect predictions, which is needed for criti-
cal applications. This paper reveals that even open
world object detection models struggle with uncer-
tainty estimation when object classes are prompted
but not present and are miscalibrated and often
overconfident.

Uncertainty estimation and Computer vision
models require extensive experimental validation
with data representative of the use case before being
used in real-world applications, and unfortunately
there are no guarantees on uncertainty estimation
quality and performance.

B Separate Density Histogram
Confidence Scores

Figures 9 and 10 show the density plots of the
confidence scores for the the existing and missing
confidence scores are shown in separate figures to
see the differences more clearly.
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Figure 9: Density histogram showing the distribution
of confidence scores for the model predictions of the
existing labels across all datasets. The plots show that
GPT-4o only gives high confidence predictions, whereas
YOLO-World gives a broader range of scores whilst
still being right skewed. Furthermore, Grounding Dino,
whilst also predicting in a larger range, gives lower
confidence predictions more often.

C Prompt GPT-4o

In Figure 11 the prompt used for the GPT-4o API.
The prompt is designed to let GPT-4o give predic-
tions similar to YOLO-World and Grounding Dino.
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Figure 10: Density histogram showing the distribution
of confidence scores for the model predictions of the
missing labels across all datasets. The plots show that
GPT-4o only gives high confidence predictions for the
missing labels, whilst YOLO-World and Grounding
Dino give predictions in a wider range but mainly giving
low confidence predictions.

The json output of the response API is parsed and
saved for further processing. More details about the
implementation can be found in the code repository
found in Appendix D.

D Code Repository

https://github.com/WoutTeillers/
openworld-uncertainty-ood.git
In the GitHub repository (in the url above) the
code used in the experiment can be found which
include the scripts for running the models and the
notebooks for visualizing the results. The scripts
are executed on "python3.10.11" and the necessary
libraries and their versions can be found in the
"requirements.txt" file. Lastly, an API is used for
the predictions of GPT-4o which requires a valid
OpenAI API key.

E Qualitative comparison

This section provides examples of the prediction of
the various models on the different datasets. These
examples give visual insights in their performance.

Figure 16 shows the highest average confidence
scores for the missing labels of the Open Images
dataset. It shows that GPT-4o gives a high predic-
tion for a missing label in the image, whereas the
other two models correctly refrain from classifying
the missing labels. Furthermore the Figure shows
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You are an object recognition model capable of detecting and localizing objects within an image.
Given an image with width = {img_width} and height = {img_height}, you will receive a list of
object classes that I want you to detect.
Your task is to find all objects in the image that match these class labels and provide the following
details for each object:
1. The confidence score (ranging from 0 to 1) of the detection, ensuring that only objects with a
confidence score greater than or equal to {conf_threshold} are included.
2. The bounding box for each detected object, given by the center (x_center, y_center) of the
bounding box (in pixel coordinates) and the width and height of the bounding box (in pixel width).
The bounding box should tightly enclose the object and should be calculated with respect to the
object’s aspect ratio and position.
3. The class label for each object, corresponding to one of the classes in the provided list.
Make sure that each object is localized as accurately as possible within the image. The origin point
(0, 0) is at the top-left corner of the image.
The format for your response should be a JSON string like the following:

{’scores’: [], ’boxes’: [[x_center, y_center, width, height]], ’labels’: [String]}
Where:
- scores: A list of confidence scores for each detection.
- boxes: A list of bounding boxes for each object, where each bounding box is a list of four
values: [x_center, y_center, width, height], representing the center of the bounding box and its
dimensions.
- labels: A list of strings, where each string is the class label for the corresponding object in the
image.
Please ensure that you only include detections that meet the confidence threshold and that the
bounding boxes are as precise as possible, accurately matching the position of each object in the
image. And that the output contains only the JSON without comments.

Figure 11: Prompt used for the GPT-4o API. In this prompt, the variables img_width, img_height, and
conf_threshold are dynamically assigned based on the image dimensions and the specified confidence threshold.

the difference in the models’ prediction capabilities.
Figure 16 shows that GPT-4o provides only a few
predictions, but with inaccurate localization. In
contrast, Grounding DINO generates a larger num-
ber of predictions with varying confidence levels.
YOLO-World makes correct predictions for several
objects but, interestingly, fails to predict relatively
clear classes, such as the wheels of the truck.

Figure 12 provides a clearer view of GPT-4o’s
difficulty in localizing objects within an image.
This issue contributes to GPT-4o’s low mAP score
as seen in Table 2, as most of its predictions are
false positives due to the poor localization.

Figures 13 and 14 illustrate instances where
YOLO-World and Grounding DINO assign high
confidence scores to missing labels. These exam-
ples reveal that the models tend to assign high confi-
dence when there are semantic similarities between
two classes or when the object class names are
similar. In Figure 13, YOLO-World gives a high

confidence prediction for "pickup_truck" because
it shares a strong semantic similarity with ’car’.
However, it assigns a lower confidence score to
"pickup_truck", indicating that YOLO-World rec-
ognizes it resembles a car more than a pickup truck.
Additionally, in Figure 14, the model assigns a high
confidence prediction for the missing class "cutting
board". This is because both "cutting board" and
"surfboard" share the common feature of being
"boards". Once again, the model assigns higher
confidence to the existing class, demonstrating that
the model predicts the object class "surfboard" as
more likely.

Figure 15 shows the sample with the most miss-
ing predictions on the JUS dataset. Where only
Grounding DINO incorrectly predicts the missing
class "pillow". The model assigns the entire group
of statues the label "pillow" in addition with a num-
ber of predictions for the individual statues. This
is inline with the prediction of the existing labels.
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["tennis_racket",
"choker", "tennis_ball",

"jacket"]

["beer", "baseball bat",
"bust", "miniskirt"]

Figure 12: Visual comparison of ground truth, detections, of the image with most false positive predictions of
GPT-4o. Showing the inability of GPT-4o to correctly localize objects in an image.
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Labels ["tire", "wheel", "car"] ["tire", "wheel", "car"]
["pickup_truck", "sash",

"trousers"]

Figure 13: Visual comparison of ground truth, detections, of the image with highest average confidence for the
missing predictions of YOLO-World on the Open Images dataset. YOLO-World shows a high confidence prediction
for the missing label "pickup_truck", likely due to semantic similarity between the ground truth label "car". The
model does show a difference in confidence for these predictions.

Grounding DINO also gives a prediction to the
entire group, in combination with prediction on
the individual statues. However, for the existing
labels, Grounding DINO shows much higher con-
fidence scores. Furthermore, GPT-4o gives a few
high confidence predictions on the existing labels.
The predictions are not properly localized and GPT-
4o misses a large number of predictions for statues.
Also, YOLO-World is not able to recognize any of
the statues in the image. YOLO-World and GPT-4o
both correctly refrain from predicting the missing
label in this image.

The main findings of the qualitative comparisons
are that Grounding DINO gives the most predic-
tions of the three models, thereby missing fewer
objects in the image but occasionally labeling in-
correct objects. The difference between the number
of predictions between the models can be seen in
Figure 6. Additionally, Grounding DINO shows a
clear distinction in its confidence for existing and
missing labels. GPT-4o shows poor performance
in image localization, with its predictions always

being of high confidence, which is in line with the
density distribution shown in Figure 7. Further-
more, this model does not classify all the desired
objects in an image consistently. YOLO-World
shows good distinguishability between existing and
missing labels, but occasionally misses some of the
existing ones.

F Incorrect Missing Class Labels

Table 4 and 5 the incorrect missing labels can be
found for the LVIS and Open Images dataset. The
predictions for these labels are removed from the
specific images to ensure that the predictions are
for objects that are actually not present.

Figure 17 shows this problem, the image con-
tains a numerous labeled object classes, but the
class of "power plugs and sockets" is not labeled in
the image resulting in this complication.
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Figure 14: Visual comparison of ground truth, detections, of the image with highest average confidence for the
missing predictions of Grounding Dino on the LVIS dataset. Grounding Dino gives high confidence predictions for
the missing labels, likely due to the fact that both the ground truth label "surfboard" and the missing label "cutting
board" are both type of "boards". The models does show difference in confidence level for these predictions.
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Figure 15: Visual comparison of ground truth, detections, and missing labels across the different models with the
highest average confidence for the missing labels of the Japanese Uncertainty Scenes dataset. YOLO-World gives no
predictions for both the existing and missing labels, whereas Grounding DINO gives a high number of predictions
for both. GPT-4o shows a small number of incorrectly localized predictions for the existing labels and no prediction
for the missing labels.
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["wheel", "land vehicle",
"vehicle",

"truck", "person", "tire",
"car"]

["wheel", "land vehicle",
"vehicle",

"truck", "person", "tire",
"car"]

["hairgrip", "freight_car",
"chalice",

"headphone",
"cooking_pan",

"dixie_cup", "sweater"]

Figure 16: Visual comparison of ground truth, detections, and missing labels across the different models with the
highest average confidence for the missing labels of the Open Images dataset. The three models show notably
differences in their predictions for the existing labels and GPT-4o is the only model that gives a prediction for the
missing labels.

G Common Classes Removed from Class
List

A list of common classes were removed from the
list of classes as these classes are expected to be
found in the images even though they might not
be labeled. In Table 6 the list of classes that was
removed can be found for the LVIS, Open Images
and Japanese Uncertainty Scenes (JUS) datasets.
Note that there were no classes removed from the
JUS dataset.

H Class labels for Japanese Uncertainty
Scenes

The ground truth values for the Japanese Uncer-
tainty Scenes were manually assigned. In Table 7
the ground truth labels for each image can be found.
The JUS dataset can be found at
https://github.com/ML-RUG/jus-dataset.

I Prediction per subset of Labels

Figure 18 illustrates model predictions on a subset
of the ground truth classes. In this figure predic-
tions are shown where one class is added to the
prompt at each step. This shows how the models

make predictions based on the desired labels. It is
evident that the models can give incorrect labels
with low confidence when the correct label is not
available yet. Whenever the label gets prompted it
can be seen that the model changes its prediction.

J Hyperparameters

Running the object recognition models there is one
key hyperparameter to tune, the confidence level
threshold. This threshold indicates above which
confidence level predictions are accepted. Hereby,
allowing to manually tune the most optimal thresh-
old to allow the correct predictions to pass and
unwanted prediction to be omitted. During this
experiment, the lower predictions give insights into
the model’s confidence level. Therefore, in the ex-
periment this confidence threshold is set to a small
value to achieve a wide range of confidence levels.
The threshold is set to get almost all predictions
to receive data on the performance of the models.
This confidence level can not be set to 0, due to the
fact that all prediction will be showcased, resulting
in too much unwanted predictions. For consistency
across models, this hyperparameter is set to 0.02 for
all models, ensuring that predictions fall within the
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["dishtowel", "grater",
"bowl", "fork", "spatula",
"cup", "strainer", "ladle",

"spoon", "hook"]

["dishtowel", "grater",
"bowl", "fork", "spatula",
"cup", "strainer", "ladle",

"spoon", "hook"]

["willow", "magpie",
"bathroom accessory",

"hair dryer", "jug",
"bidet", "rose", "power

plugs and sockets",
"cosmetics", "castle"]

Figure 17: Visual comparison of ground truth, detections, and missing labels across the different models showcasing
an incorrect missing label in the image. Showing that classes that are not present in the ground truth can be present
in the image. This can lead to incorrect labels in the missing classes list such as "power plugs and sockets" in this
example.

same confidence range (0.02-1.00) and minimizing
the number of unwanted predictions.

K Post Processing

Running the Grounding DINO base model on the
datasets, resulted in some unwanted predictions.
The model occasionally gave prediction where a
new combined label was used. For example given
the two classes ["dog", "bed"], the model could
give a prediction of "dog bed". These predictions
were removed as they were not of interest in this
study.

Furthermore, the Grounding DINO base model
did not make use of Non-maximum Suppression
(NMS). This lead to the model giving many over-
lapping predictions. Due to the fact that YOLO-
World did make use of NMS, it was decided to
implement the NMS algorithm for the predictions
made by Grounding-DINO. This to make sure of
a fair comparison between the models. This study
used the same IOU value as YOLO-World for a
fair comparison. YOLO-World uses an IOU thresh-

old of 0.5, so this value was sub-sequentially used
for Grounding DINO. NMS filters predictions of
the same label with an IOU value exceeding the
specified threshold, retaining the prediction with
the higher confidence score.

As GPT-4o did not have many overlapping de-
tections, NMS was not applied to the predictions
of this model.

A minor issue with the experiment setup is that
while requiring the list of missing classes for each
image, it sometimes occurs that the object of that
class are present in the image, even-though it was
not labeled in the original dataset. This will cause
the models to recognize the object with high confi-
dence which reduced the reliability of this experi-
ment, as the experiment assumes that these missing
classes are not present in the image. To resolve this,
the predictions of the missing labels are manually
checked for validity and the missing classes that
are present in the image are removed from the pre-
dictions. This causes a slight imbalance between
the number of existing classes and missing classes
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YOLO-World Grounding Dino

Ground truth

[’cabinet’]

[’cabinet’, ’oven’]

[’cabinet’, ’oven’,
’wall_socket’]

[’cabinet’, ’oven’,
’wall_socket’, ’bowl’]

[’cabinet’, ’oven’,
’wall_socket’, ’bowl’,
’microwave_oven’]

[’cabinet’, ’oven’,
’wall_socket’, ’bowl’,

’microwave_oven’,
’refrigerator’ ]

Figure 18: Subset of ground-truth classes evaluated with YOLO-World and Grounding Dino, illustrating how the
models reassigns object labels when it predicts higher confidence for an alternate class.

in an image. However, this problem only occurs
for 4.3% of all the tested images. The prediction of
classes that were removed of specific images can be
found in Appendix F, including a visual example
that illustrates this issue.
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Table 4: Incorrectly retrieved missing labels of the LVIS
dataset. The predictions of each label have been re-
moved from the specified image.

Image Missing LVIS Labels

000000192722.jpg [’footwear’]
000000569652.jpg [’power plugs and sockets’]
000000452334.jpg [’home appliance’, ’kitchen appliance’]
000000006777.jpg [’stairs’]
000000269417.jpg [’kitchen appliance’]
000000394879.jpg [’coffeemaker’, ’dessert’]
000000375317.jpg [’gas stove’, ’home appliance’]
000000244965.jpg [’mammal’]
000000125247.jpg [’candy’]
000000090122.jpg [’kitchen utensil’]
000000175205.jpg [’dairy product’]
000000290911.jpg [’vehicle’]
000000497875.jpg [’tree’]
000000424044.jpg [’baked goods’, ’mixing bowl’]
000000216863.jpg [’picture frame’]
000000051618.jpg [’tableware’]
000000263589.jpg [’building’]
000000044611.jpg [’trousers’]
000000048432.jpg [’land vehicle’]
000000277858.jpg [’mammal’]
000000205055.jpg [’building’, ’footwear’]
000000406013.jpg [’plastic bag’]
000000534751.jpg [’furniture’]
000000244157.jpg [’tree’]
000000094052.jpg [’microwave oven’, ’picture frame’, ’food’]
000000471842.jpg [’kitchenware’]
000000261893.jpg [’bicycle wheel’]
000000364210.jpg [’baked goods’]
000000442298.jpg [’furniture’, ’mammal’]
000000468917.jpg [’microwave oven’]
000000362140.jpg [’fashion accessory’, ’picture frame’]
000000555273.jpg [’picture frame’]
000000127100.jpg [’footwear’]
000000372980.jpg [’mammal’]
000000043692.jpg [’countertop’, ’furniture’]
000000315902.jpg [’furniture’]
000000505152.jpg [’kitchen utensil’]
000000223032.jpg [’mammal’]
000000070164.jpg [’remote control’]
000000356153.jpg [’food’]
000000334352.jpg [’sports equipment’]
000000455691.jpg [’countertop’]
000000526794.jpg [’home appliance’]
000000086208.jpg [’snack’]
000000103223.jpg [’home appliance’]
000000501247.jpg [’land vehicle’]
000000160142.jpg [’furniture’]
000000521200.jpg [’hand dryer’]
000000040930.jpg [’window’]
000000120527.jpg [’sports equipment’]
000000460442.jpg [’fruit’, ’footwear’]
000000423161.jpg [’flower’]
000000053037.jpg [’coffeemaker’, ’microwave oven’]
000000218751.jpg [’land vehicle’]
000000361497.jpg [’aircraft’]
000000278303.jpg [’mammal’]
000000095841.jpg [’footwear’]
000000018090.jpg [’footwear’]
000000457737.jpg [’furniture’]
000000404698.jpg [’power plugs and sockets’]
000000513604.jpg [’tin can’]
000000019441.jpg [’tableware’]
000000442875.jpg [’furniture’]
000000007288.jpg [’bidet’]
000000071726.jpg [’soap dispenser’, ’cabinetry’]

Table 5: Incorrectly retrieved missing labels of the Open
Images dataset. The predictions of each label have been
removed from the specified image

Image Missing OI Labels

00141571d986d241.jpg [’hand_towel’, ’t-shirt’]
00146ba1e50ed8d8.jpg [’cylinder’]
0035c28612c035fd.jpg [’green_bean’]
00acf53b127218c2.jpg [’radiator_grille’]
00dc0530e6779ca6.jpg [’baby_buggy’]
01491bf840ae9939.jpg [’activewear’]
015f5cd905204962.jpg [’trousers’]
0197df7725980004.jpg [’rearview_mirror’]
01b405e0cab3add3.jpg [’baseball_cap’]
01f26ca52e27a8d9.jpg [’pencil_case’]
023a57536e17b7b1.jpg [’figurine’]
025ffa27eb2ba851.jpg [’printing_machine’]
030033e1b4137e3b.jpg [’dog_collar’]
03650b9fde97f523.jpg [’wristwatch’]
049720d842de2d3e.jpg [’paper_towel’]
04d9284ebdc41aeb.jpg [’cordial’]
04ec0b057014a648.jpg [’jockey_cap’]
006f87bf928f9ba3.jpg [’jewellery’]
00c9616a917be867.jpg [’fin_(footwear)’]
01c79b8cc239037d.jpg [’wedding_ring’]
038ee0bf31929792.jpg [’flip-flop_(sandal)’]
05d69a9470032674.jpg [’sport_shirt’]

Table 6: List of common classes removed from list of
classes.

Class set List of removed classes

CLVIS [’human arm’, ’human beard’, ’human
body’, ’human ear’, ’human eye’, ’woman’,
’man’ ’human face’, ’human foot’, ’human
hair’, ’human hand’, ’human head’, ’human
leg’, ’human mouth’, ’human nose’]

COI [’human’]

CJUS []
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Table 7: Ground truth labels of the images in Japanese Uncertainty Scenes dataset.

Filename List of ground truth class labels

20180728_204527.jpg [’food’]
20180729_152751.jpg [’dessert’]
20180730_132300.jpg [’sushi’]
20180801_203824.jpg [’okonomiyaki’, ’food’]
20180808_220402.jpg [’sushi’]
20180812_145111.jpg [’egg fried rice’, ’fried chicken’, ’gyoza’, ’japanese food’]
20180814_181327.jpg [’person’, ’food’]
DSC01703.jpg [’drawing’, ’animal’]
DSC01754.jpg [’octopus’, ’person’]
DSC01796.jpg [’paper lanterns’]
DSC01851.jpg [’statue’]
DSC01874.jpg [’tombstone’]
DSC02396.jpg [’fish’]
DSC02711.jpg [’bird’, ’building’]
DSC02941.jpg [’lantern’, ’building’, ’paper lanterns’]
DSC02960.jpg [’lamp’, ’paper lanterns’]
DSC03113.jpg [’gate’, ’torii’]
DSC03256.jpg [’gate’, ’torii’]
DSC03391.jpg [’bamboo tree’]
DSC03397.jpg [’bus’, ’bridge’]
DSC04631.jpg [’wooden plaque’, ’ema’]
DSC04742.jpg [’tree’, ’building’]
DSC04746.jpg [’building’]
DSC04796.jpg [’bridge’]
DSC04858.jpg [’boat’, ’mountain’]
DSC05168.jpg [’tree’, ’painting’]
DSC05403.jpg [’person’, ’tree’]
DSC05406.jpg [’person’, ’tree’]
DSC05439.jpg [’warrior’]
DSC05535.jpg [’japanese food’]
DSC06071.jpg [’tree’]
DSC07641.jpg [’coach’, ’train’]
P9250145.jpg [’tokyo tower’]
P9250156.jpg [’building’]
P9280467.jpg [’light poles’, ’signs’]
P9301022.jpg [’building’, ’tree’]
PA011063.jpg [’volcano’]
PA011245.jpg [’statue’, ’animal’]
PA041459.jpg [’building’, ’tree’]
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Abstract

The internal mechanisms by which transformer-
based language models encode and retrieve fac-
tual knowledge remain poorly understood, par-
ticularly for small language models (SLMs) op-
erating in the 2–3 billion parameter range. This
paper presents a systematic, multi-stage empir-
ical investigation into knowledge localization,
compression effects, and knowledge editabil-
ity across four SLMs—Gemma-2B, Llama-3.2-
3B-Instruct, Qwen-2.5-3B-Instruct, and Phi-
2—with Meta-Llama-3-8B serving as a large-
model baseline. Stage 1 employs causal tracing
with activation patching on the CounterFact
dataset (∼450–500 validated facts per model)
to identify the layer or layers most causally re-
sponsible for factual recall. Stage 2 compares
knowledge density, layer concentration, and re-
dundancy between the 2–3B models and the
8B baseline to quantify the structural effects
of model compression on knowledge storage.
Stage 3 applies the Rank-One Model Editing
(ROME) algorithm at the causally identified
layers to assess whether localized knowledge
can be reliably overwritten. Our results demon-
strate that (i) factual knowledge in SLMs con-
centrates in upper-to-final transformer layers,
with Llama-3B exhibiting extreme concentra-
tion in layer 28; (ii) compressed models store
knowledge more densely per parameter but
with substantially lower redundancy (Llama-
3B: 0.047 vs. Llama-8B: 0.468); and (iii) edit-
ing success correlates strongly with architec-
tural concentration rather than model size, with
Llama-3B achieving 85.7% editing success ver-
sus 33% for Gemma-2B. These findings carry
direct implications for interpretability, model
editing, and the design of future small language
model architectures.

1 Introduction

The past several years have witnessed the rapid pro-
liferation of large language models (LLMs) capable
of storing and retrieving vast quantities of world

knowledge as implicit factual associations encoded
in their parameters (Brown et al., 2020). As these
models are deployed in increasingly consequential
settings—question answering, technical reasoning,
decision support—the ability to understand where
and how factual knowledge is stored has become a
central concern of the mechanistic interpretability
research agenda (Olah et al., 2020).

However, the majority of mechanistic inter-
pretability work has focused on large models con-
taining tens of billions of parameters. The behav-
ior of small language models (SLMs)—those in
the 1–4B parameter range—has received compara-
tively less systematic attention, despite their grow-
ing practical importance. SLMs are frequently de-
ployed at the edge, in resource-constrained envi-
ronments, and as fine-tuning targets for domain-
specific applications. Whether knowledge is stored
in SLMs in qualitatively similar ways to large mod-
els, and whether it is equally amenable to surgical
modification, are questions with both theoretical
and practical significance.

Two central challenges motivate this research.
First, knowledge localization in transformer mod-
els is non-trivial: factual associations are not stored
in a single weight matrix but emerge from com-
plex, high-dimensional interactions among atten-
tion heads, MLP sublayers, and the residual stream
(Elhage et al., 2021a). Prior work has suggested
that MLP blocks in the middle-to-late layers may
function as “key-value stores” for factual associ-
ations (Meng et al., 2022), but the precise dis-
tribution of this storage—and how it scales with
model size—has not been systematically studied
across a diverse set of SLM architectures. Second,
knowledge editing—the ability to modify individ-
ual factual associations without broadly disrupting
model behavior—depends critically on knowledge
being spatially concentrated (Meng et al., 2023a).
If knowledge is distributed or redundant, local edits
may fail to propagate effectively.
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This paper addresses both challenges through
a three-stage experimental framework: (1) Stage
1 (Knowledge Localization): For each of four
SLMs, we apply causal tracing with activation
patching to identify the transformer layers causally
responsible for factual recall on the CounterFact
benchmark, further decomposing knowledge stor-
age by contrasting MLP and attention contributions,
and by separating entity-centric from relation-
centric facts. (2) Stage 2 (Compression Analysis):
We compare the knowledge storage structure of the
four 2–3B SLMs against a 7–8B baseline (Meta-
Llama-3-8B), quantifying knowledge density, layer
concentration, and redundancy to characterize how
compression reshapes the internal knowledge topol-
ogy. (3) Stage 3 (Knowledge Editing): Using the
dominant layers identified in Stage 1 as editing
targets, we apply ROME (Meng et al., 2023a) to
determine whether localized knowledge is editable,
and how editing success varies across architectures.

Our contributions are: a comprehensive cross-
architecture causal tracing study of four SLMs with
diverse design philosophies; a quantitative charac-
terization of compression effects on knowledge re-
dundancy and concentration; an empirical demon-
stration that architecture—not model size—is the
primary determinant of knowledge editability in the
2–8B parameter range; and a unifying framework
linking localization geometry to editing feasibility.

2 Related Work

2.1 Mechanistic Interpretability and Causal
Tracing

Mechanistic interpretability aims to reverse-
engineer the algorithms implemented by neural
networks (Olah et al., 2020; Elhage et al., 2021b).
Elhage et al. (Elhage et al., 2021b) introduced the
residual stream as a shared information bus and
showed that attention heads and MLP sublayers
perform distinct, composable computations. Sub-
sequent work identified induction heads (Conmy
et al., 2023), factual association circuits (Meng
et al., 2022), and copy suppression mechanisms
(McDougall et al., 2023).

Meng et al. (Meng et al., 2022) introduced causal
tracing for GPT-2/3, showing that MLP layers in
the middle-to-late portion of the network are most
causally implicated in storing specific factual asso-
ciations. Hernandez et al. (Hernandez et al., 2024)
extended this to characterize the geometry of fac-
tual associations in parameter space, while Geva

et al. (Geva et al., 2022) used vocabulary projec-
tions to show that MLP layers progressively refine
factual predictions across depth. Geva et al. (Geva
et al., 2021) earlier proposed that FFN layers func-
tion as key-value memories storing input patterns
and output distributions. Attention heads have also
been shown to retrieve factual information in some
settings (Wang et al., 2023), raising questions about
relative contributions that our ablation experiments
directly address.

2.2 Knowledge Editing and Compression

For knowledge editing, ROME (Meng et al., 2023a)
computes a targeted rank-one update to a single
MLP layer treating the MLP as a linear associative
memory; MEND (Mitchell et al., 2022) uses a hy-
pernetwork for efficient gradient transformations;
MEMIT (Meng et al., 2023b) extends ROME to
batch editing of thousands of facts. All methods de-
pend on accurate localization—if the wrong layer is
targeted, updates fail to propagate. Our Stage 3 di-
rectly exploits this dependency to evaluate whether
causal traces from Stage 1 are accurate enough to
guide editing.

On compression, Sun et al. (Sun et al., 2024)
demonstrated that structural pruning disproportion-
ately impacts factual recall relative to linguistic
competence, suggesting that factual knowledge
may be stored in specific, locatable subnetworks.
Xu et al. (Xu et al., 2024) showed that quantized
models exhibit characteristic patterns of factual
degradation correlated with layer-wise sensitivity.
Our Stage 2 extends this line of inquiry by char-
acterizing how the natural reduction in parameter
count from 8B to 2–3B reshapes knowledge den-
sity and redundancy, using the same causal tracing
methodology as Stage 1 to ensure comparability.

3 Methodology

3.1 Experimental Setup

Models. We evaluate Gemma-2-2B-IT (Team et al.,
2024a) (2B, 26 layers), Llama-3.2-3B-Instruct
(Dubey et al., 2024) (3B, 28 layers), Qwen2.5-
3B-Instruct (Team, 2024b) (3B, 36 layers), and
Phi-2 (Li et al., 2023) (2.7B, 32 layers), with Meta-
Llama-3-8B (Dubey et al., 2024) (8B, 32 layers)
as a large-model baseline for Stage 2. All models
are evaluated in inference mode with gradients en-
abled only for the ROME optimization in Stage 3.
Models are loaded in 16-bit floating point precision
with automatic device mapping to a single GPU.
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Figure 1: Three-stage experimental pipeline: Stage 1
localizes factual knowledge via causal tracing with acti-
vation patching; Stage 2 analyses compression effects
across model sizes; Stage 3 applies ROME editing at
the identified layers and evaluates success.

Dataset and Filtering. We use the Counter-
Fact dataset (Meng et al., 2022) distributed via
Hugging Face. Facts are filtered to retain only
those where (i) the model produces the correct
answer under greedy decoding, and (ii) corrupt-
ing the subject causes a probability drop ∆p ≥
0.05. This two-step filter ensures experiments
localize knowledge that genuinely exists in the
model and is causally sensitive to the subject rep-
resentation. Each model retains ∼450–500 val-
idated facts (random seed fixed at 42). Answer
probabilities prepend a space before tokenization
(e.g., Paris) to ensure correct word-continuation
subword encoding. Hook targets are regis-
tered on model.model.layers[i].self_attn
and model.model.layers[i].mlp for all models.

3.2 Stage 1: Knowledge Localization
Causal Tracing — Sufficiency. For each fact:
(1) run a clean forward pass saving hidden states
h
(l)
subj at the subject’s final token for each layer
l = 1, . . . , L; (2) corrupt the subject span with
“Random Person” and record pcorrupt; (3) for each
layer l independently, patch the hidden state with
h
(l)
subj and measure restoration:

sl = ppatch(l) − pcorrupt (1)

The layer with the highest sl is the dominant layer
for that fact. Aggregating over all facts yields the
layer distribution and the global dominant layer l∗.

Necessity. We ablate the dominant layer by zero-
ing both attention and MLP sublayer contributions
while preserving the residual path, implementing
the identity function for each sublayer. The neces-
sity drop ∆nec = pclean − pablated is averaged over
all validated facts.

Concentration Index. C = K/L, where K is
the minimum number of layers whose combined
fact count exceeds 80% of all tested facts and L
is total layer count. Lower values indicate more
concentrated storage.

Attention vs. MLP Ablation. At the dominant
layer l∗, we independently ablate the attention sub-
layer and the MLP sublayer, measuring probability
drops ∆attn and ∆MLP for each fact. The MLP
dominance ratio is:

rMLP =
|∆MLP|

|∆attn|+ |∆MLP|+ ϵ
(2)

Values rMLP > 0.5 indicate MLP is the dominant
sublayer for factual recall.

Redundancy Score. We simultaneously ablate
the dominant layer and patch a candidate compen-
sating layer with clean activations. The maximum
recovery normalized by ∆nec gives:

R =
maxl ̸=l∗

(
pablated+patch(l) − pcorrupt

)

∆nec + ϵ
(3)

R = 0 means the dominant layer is irreplaceable;
R = 1 means another layer fully compensates.

Entity vs. Relation Facts. Facts are classified
by Wikidata relation into entity facts (country of
citizenship, native language, birth location; P27,
P103, P17, P19, P131, P20) and relation facts (cap-
ital of, official language, diplomatic relations; P36,
P30, P530, P37, P38), with dominant layer distri-
butions computed separately for each category.

3.3 Stage 2: Compression Analysis

Stage 2 repeats the full Stage 1 pipeline on Meta-
Llama-3-8B using an identical protocol to enable
controlled comparison with Llama-3.2-3B-Instruct.
Three composite metrics are derived: (i) knowl-
edge density (validated facts recalled per billion
parameters); (ii) layer concentration C = K/L;
and (iii) redundancy score R. Comparing Llama-
3B and Llama-8B isolates the effect of scale while
controlling for architecture family.

3.4 Stage 3: Knowledge Editing

ROME. We apply ROME using the per-fact dom-
inant layer l∗f = argmaxl sl rather than a global
fixed layer, ensuring each edit targets the layer most
causally responsible for that specific fact. Across
the 7 Llama-3.2-3B test facts, per-fact dominant
layers ranged from layer 4 to layer 24, with the
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Table 1: Knowledge Localization Summary — Stage 1

Model Layers Dom. l∗ Facts at l∗ (%) Conc. C

Gemma-2-2B 26 23 56/460 (12.2%) 0.538
Llama-3.2-3B 28 28 284/495 (57.4%) 0.214
Qwen-2.5-3B 36 35 105/460 (22.8%) 0.417
Phi-2 32 31 78/459 (17.0%) 0.344

Table 2: Necessity, MLP Dominance, and Redundancy
— Stage 1

Model Nec. Drop rMLP Redundancy

Gemma-2-2B 0.1274 0.120 (Attn) 0.525
Llama-3.2-3B 0.0411 0.269 (Attn) 0.047
Qwen-2.5-3B 0.0862 0.338 (Attn) 0.105
Phi-2 −0.0437 0.796 (MLP) 0.288

single edit failure at the unusually shallow layer 4—
consistent with shallow layers contributing less ro-
bustly to factual recall. ROME models the MLP
down-projection Wdown ∈ Rdmodel×dffn as a linear
associative memory and computes a rank-one up-
date:

W ′ =W +
∆v · k⊤
k⊤k

(4)

where k is the key vector at the subject’s last to-
ken and ∆v = v∗ −Wk is the residual between
the target value vector and the current association.
The target v∗ is optimized to minimize the logit
difference loss L = logit(ytrue) − logit(yfalse) via
SPSA (ϵ = 5×10−3, η = 5.0, 250 steps). Weights
are restored after each edit to prevent cross-fact
interference.

Filters and Success Criteria. Facts require
pfalse > 0.0005 to be editable; facts with zero ini-
tial false-answer probability yield degenerate gra-
dient signals for ROME. Each model is evaluated
on 15 test facts, and the subset satisfying the fil-
ter is carried forward. An edit succeeds if any of:
(L1) p(yfalse) > p(ytrue); (L2) ∆pfalse > 0.03 and
∆ptrue < −0.03; or (L3) pfalse,after > 3×pfalse,before
and pfalse,after > 0.005.

4 Results and Discussion

4.1 Stage 1: Knowledge Localization
Dominant Layer Distribution. Tables 1 and 2
summarize the dominant layer statistics for each
model.

Across all four models, the dominant layer is
consistently located in the upper portion of the
transformer (layer 23/26 for Gemma-2B, 28/28
for Llama-3.2-3B, 35/36 for Qwen-2.5-3B, 31/32
for Phi-2). This finding replicates and extends the

Figure 2: Sufficiency test for Llama-3.2-3B-Instruct.
Crimson bar marks dominant layer 28 (final layer), ac-
counting for 57.4% of all validated facts.

Figure 3: Sufficiency test for Gemma-2-2B-IT. Domi-
nant layer is layer 23 (out of 26), with knowledge dis-
tributed more broadly across upper layers.

upper-layer concentration reported by Meng et al.
(Meng et al., 2022) for GPT-family models, and
demonstrates that the phenomenon is architecture-
independent across modern SLM designs. Notably,
Llama-3.2-3B exhibits the most extreme form of
this pattern: the final layer (layer 28) dominates
factual recall for 57.4% of all validated facts—a
near-complete collapse of knowledge storage to
the network’s last decoder block, which we term
last-layer collapse.

In contrast, Qwen-2.5-3B distributes knowledge
slightly more broadly across the upper layers,
consistent with its higher layer count (36 layers)
and the grouped-query attention mechanism that
may enable more distributed computation. Phi-2’s
knowledge concentration at its penultimate layer is
notable given that Phi-2 was trained primarily on
code and textbooks, potentially inducing a different
internal factual encoding strategy.

Attention vs. MLP Analysis. The MLP dom-
inance ratio varies substantially across architec-
tures. Phi-2 exhibits the strongest MLP domi-
nance (rMLP = 0.796), consistent with its architec-
ture’s emphasis on efficient feedforward processing.
Llama-3.2-3B, despite its high overall knowledge
concentration, is attention-dominant at its dominant
layer (rMLP = 0.269; mean attention drop 0.0981,
mean MLP drop 0.0561). Gemma-2-2B has an
MLP ratio of 0.120—the lowest in the study—
making it the most strongly attention-dominant
model (88% of the total ablation effect comes from
attention). Qwen-2.5-3B similarly has an MLP ra-
tio of 0.338, also clearly attention-dominant (66%
from attention). This architectural divergence is
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Table 3: Compression Effects — SLMs vs. Large Base-
line

Model Params Dom. l∗ Facts (%) Conc. C rMLP Redundancy

Llama-3.2-3B 3B 28 (final) 57.4% 0.214 0.269 (Attn) 0.047
Phi-2 2.7B 31 17.0% 0.344 0.796 (MLP) 0.288
Gemma-2-2B 2B 23 12.2% 0.538 0.120 (Attn) 0.525
Qwen-2.5-3B 3B 35 22.8% 0.417 0.338 (Attn) 0.105

Meta-Llama-3-8B 8B 32 (final) 55.8% 0.312 0.473 (Attn) 0.468

significant: ROME and related editing methods ex-
clusively modify MLP weights. Models that store
a greater fraction of their factual knowledge in at-
tention heads may therefore be less amenable to
MLP-targeted editing—a hypothesis directly sup-
ported by our Stage 3 results.

Entity vs. Relation Facts. Entity facts (citi-
zenship, language, birthplace) and relation facts
(capitals, diplomatic links) both exhibit concentra-
tion in upper layers, but entity facts are numeri-
cally dominant across all models: Llama-3.2-3B
has 439 entity / 56 relation facts (88.7% entity);
Phi-2 has 387 entity / 72 relation facts (84.3% en-
tity); Meta-Llama-3-8B has 440 entity / 55 relation
facts (88.9% entity). This strong imbalance reflects
the composition of the CounterFact dataset rather
than a model-specific phenomenon. The layer dis-
tribution of dominant assignments does not differ
systematically between entity and relation facts,
suggesting that both fact types are processed by
the same late-layer mechanism rather than being
routed to distinct sublayers.

Redundancy. Redundancy scores vary substan-
tially across SLMs. Llama-3.2-3B achieves the
lowest score (0.047), meaning other layers recover
less than 5% of the ablation loss—the dominant
layer is nearly irreplaceable. Qwen-2.5-3B scores
0.105 (low redundancy) and Phi-2 0.288 (mod-
erate). Notably, Gemma-2-2B achieves a redun-
dancy score of 0.525—the highest of all models
tested, exceeding even the Meta-Llama-3-8B base-
line (0.468). This indicates that when Gemma’s
dominant layer (23) is ablated, other layers can
recover more than half the probability drop, reflect-
ing its more distributed knowledge storage across
upper layers. The compression-induced special-
ization hypothesis therefore holds for Llama-3B,
Qwen, and Phi-2, but Gemma-2B is an exception: a
2B SLM that nonetheless develops high inter-layer
redundancy.

4.2 Stage 2: Compression Analysis

The comparison between Llama-3.2-3B and Meta-
Llama-3-8B reveals a striking compression effect.

Figure 4: Stage 2 compression effects across all five
models. Top row: layer concentration index C; MLP
dominance ratio rMLP (dashed line at 0.5 = MLP-
dominant threshold); redundancy score. Bottom row:
necessity drop; last-layer concentration (%); redundancy
vs. model size scatter. Orange = Meta-Llama-3-8B base-
line; blue = SLMs.

Despite sharing the LLaMA architectural family
and vocabulary, the 8B model exhibits a redun-
dancy score of 0.468—roughly ten times that of its
3B counterpart (0.047). This means that when the
dominant layer of the 8B model is ablated, other
layers can recover nearly half the probability drop;
in the 3B model, they can recover less than 5%.

This finding is consistent with a compression-
induced specialization hypothesis: as parameter
count decreases, models cannot afford distributed
or redundant knowledge storage, and factual as-
sociations collapse into fewer, more critical lay-
ers. The 8B model, by contrast, distributes knowl-
edge across multiple layers with overlapping cov-
erage, providing natural robustness against single-
layer ablation. A corollary is that SLMs are, para-
doxically, more precisely localized—and therefore
more susceptible to both catastrophic forgetting
and surgical editing—than their larger counterparts.
The high density of knowledge per parameter in
SLMs reflects not efficient encoding but rather an
absence of the kind of distributed redundancy that
large models develop through their greater capac-
ity.

The knowledge density metric reinforces this
interpretation: all four SLMs recall substantially
more validated CounterFact facts per billion pa-
rameters than the 8B baseline (Llama-3B: ∼165/B;
Phi-2: ∼170/B; Gemma: ∼230/B; Qwen: ∼153/B
vs. Llama-8B: ∼62/B), confirming that SLMs en-
code a richer fact-per-parameter set despite—or
because of—their lower absolute capacity.
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Table 4: ROME Editing Results by Model

Model Editable Facts Successes Rate

Llama-3.2-3B 7 6 85.7%
Phi-2 8 5 62.5%
Qwen-2.5-3B 5 3 60.0%
Gemma-2B 6 2 33.3%

4.3 Stage 3: Knowledge Editing

The editing results reveal a clear ordering: Llama-
3.2-3B > Phi-2 > Qwen-2.5-3B > Gemma-2B.

Concentration drives editability. Llama-3.2-
3B achieves the highest editing success (85.7%),
consistent with its extreme concentration and low-
est redundancy score (0.047). Its extreme last-layer
concentration means that a single MLP weight up-
date propagates without interference—there are no
backup layers that can override the edit. The tight
coupling between the dominant layer’s MLP and
the output vocabulary projection (which directly
precedes the LM head in a final-layer architecture)
maximizes the impact of the rank-one update.

Low localization impedes editability. Gemma-
2B achieves the lowest editing success (33%) de-
spite having the highest concentration index among
SLMs (C = 0.538, versus 0.344 for Phi-2 and
0.214 for Llama-3.2-3B).C measures what fraction
of the total causal effect is carried by the dominant
layer; a high C does not guarantee reliable per-fact
localization. Critically, only 12.2% of Gemma’s
filtered facts exhibit meaningful causal signal at
any single layer—the lowest localization rate in
the study—meaning most facts passed on to the
editing stage lack a reliably identifiable target layer.
Furthermore, Gemma’s dominant layer (23/26) is
not at the absolute final position, leaving three ad-
ditional transformer blocks between the edit site
and the LM head, which may dilute the rank-one
update. Gemma-2B’s MLP ratio of 0.120 (strongly
attention-dominant: 88% of ablation effect from
attention) means ROME’s MLP-targeted rank-one
update has minimal direct leverage. And its redun-
dancy score of 0.525—the highest in the study—
means backup layers can partially recover the same
fact, further diluting any single-layer edit.

Architecture matters more than scale. Phi-2’s
62.5% editing success is explained by the favor-
able match between ROME’s update mechanism—
targeting down_proj—and Phi-2’s strong MLP
dominance (rMLP = 0.796): when MLP carries
the majority of factual recall at the dominant layer,

Figure 5: ROME editing outcomes for Llama-3.2-3B.
Green points indicate successful edits (false-answer
probability exceeds true-answer probability after the
rank-one weight update).

a rank-one MLP update has maximal leverage.
Qwen-2.5-3B’s 60% success rate is comparable,
though the slightly lower figure may reflect its
larger layer count and more distributed representa-
tion.

Probability geometry constrains editability.
The editability filter (requiring pfalse > 0.0005)
removes facts for which the false target is not
represented in the model’s probability distribu-
tion at all. ROME optimizes the logit difference
logit(ytrue) − logit(yfalse); when the false answer
has near-zero probability, the gradient signal is
degenerate and the SPSA optimizer cannot find
an effective value vector v∗. Future work should
explore alternative loss formulations that do not
require prior non-zero probability of the target.

Side Effect Analysis. A probe of 20 unrelated
facts drawn from the same dataset validates that the
model’s performance on facts outside the targeted
relation is not significantly degraded by the per-
fact edits. This is consistent with ROME’s design
guarantee that the rank-one update is constrained
in norm and does not broadly perturb the weight
matrix.

4.4 Cross-Stage Synthesis

Taken together, the three stages support a coher-
ent picture of factual knowledge storage in SLMs:
(1) Location: Factual knowledge is concentrated
in the upper-final transformer layers across all ar-
chitectures studied, with the precise layer and the
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Figure 6: ROME editing outcomes for Gemma-2-2B.
The high failure rate (red points) is consistent with the
model’s low fact-localization rate (12.2%), attention
dominance (rMLP = 0.120), and dominant layer falling
short of the final position (layer 23/26).

relative contributions of attention and MLP varying
by architecture. (2) Structure: Small models store
knowledge more densely and with less redundancy
than large models, making individual layers more
causally critical and less replaceable. (3) Editabil-
ity: The concentration structure that makes SLMs
computationally efficient also makes them more
precisely editable—provided the dominant mecha-
nism is MLP-based and the edit is targeted to the
correct layer. These findings suggest that mecha-
nistic interpretability results obtained from large
models should not be assumed to transfer directly
to SLMs, and that the design of editing systems for
SLMs should account for their distinctive knowl-
edge topology.

5 Conclusion

This paper presented a three-stage experimental
investigation of knowledge localization, compres-
sion effects, and knowledge editability in small
language models.

Knowledge concentrates in upper layers.
Across Gemma-2B, Llama-3.2-3B, Qwen-2.5-3B,
and Phi-2, causal tracing consistently identifies the
dominant factual layer in the top 3–12% of model
depth (layer 23/26 for Gemma, 28/28 for Llama,
35/36 for Qwen, 31/32 for Phi-2), with Llama-
3.2-3B exhibiting complete collapse to its final
layer. This pattern is robust to architectural dif-
ferences and consistent across entity and relational

fact types.
Compression reduces redundancy. Comparing

Llama-3.2-3B (redundancy: 0.047) to Meta-Llama-
3-8B (redundancy: 0.468) reveals that larger mod-
els develop distributed backup capacity for factual
knowledge, whereas compressed models rely on
fewer, more critical layers. This quantitative char-
acterization of compression-induced specialization
provides a principled account of why SLMs may be
more vulnerable to layer-specific forgetting during
fine-tuning.

Architecture, not size, governs editability.
Editing success under ROME is primarily deter-
mined by the degree of knowledge concentration
and the dominant sublayer mechanism. Llama-
3B’s extreme last-layer concentration yields 85.7%
editing success even though its dominant layer is
attention-weighted (rMLP = 0.269), because the
final-layer position (28/28) places the MLP directly
adjacent to the LM head, amplifying the rank-one
update’s impact. Gemma-2B achieves only 33%
editing success despite having the highest concen-
tration index among SLMs (C = 0.538); the limit-
ing factors are its low fact-localization rate (12.2%),
its dominant layer falling short of the absolute fi-
nal position (23/26), its strong attention dominance
(rMLP = 0.120), and its high redundancy (0.525).
These results suggest that editing-friendly architec-
tures should explicitly promote late-layer, prefer-
ably final-layer, MLP-concentrated knowledge en-
coding.

For mechanistic interpretability, our results mo-
tivate architecture-specific analysis rather than
generic transfer assumptions. For model editing,
they motivate targeting strategies that utilize causal
tracing as a prerequisite rather than heuristic layer
selection. For architecture design, they suggest
that controlling the concentration and redundancy
of factual storage may be a tractable optimization
target, with predictable consequences for both ro-
bustness and editability.

6 Future Work

Several directions merit further investigation.
Larger and more diverse datasets: our experi-
ments use 450–500 validated facts per model from
CounterFact; a larger dataset including multilingual
facts, temporal facts, and compositional reasoning
chains would yield more statistically robust local-
ization maps. Finer-grained causal structures:
extending localization to specific attention heads
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and MLP neurons (Conmy et al., 2023; Wang et al.,
2023) would sharpen the causal picture beyond
the layer level. Continuous scale analysis: test-
ing compression effects across 1B, 3B, 7B, 13B,
and 70B models would characterize how redun-
dancy scales with parameter count and whether
phase transitions in knowledge storage structure
exist. Controlled compression: applying struc-
tured pruning or distillation to a single model at
varying compression ratios would provide causal
rather than correlational evidence for the special-
ization hypothesis. Improved editing: ROME’s
dependence on non-zero initial false-answer prob-
ability limits applicability; future methods should
explore nearest-neighbor value-vector initialization
or LoRA-based updates at dominant layers for facts
with near-zero false-answer probability and to en-
able multi-hop compositional edits.

References
T. Brown, B. Mann, N. Ryder, M. Subbiah, J. Kaplan,

P. Dhariwal, A. Radford, and I. Sutskever. 2020. Lan-
guage models are few-shot learners. In Advances in
Neural Information Processing Systems, volume 33,
pages 1877–1901.

C. Olah, N. Cammarata, L. Schubert, G. Goh, M. Petrov,
and S. Carter. 2020. Zoom in: An introduction to
circuits. Distill.

N. Elhage, N. Nanda, C. Olsson, T. Henighan, N. Joseph,
and B. Mann. 2021. A mathematical framework for
transformer circuits. Transformer Circuits Thread.

K. Meng, D. Bau, A. Andonian, and Y. Belinkov. 2022.
Locating and editing factual associations in GPT. In
Advances in Neural Information Processing Systems,
volume 35, pages 17359–17372.

K. Meng, A. Sharma, A. Andonian, Y. Belinkov, and
D. Bau. 2023a. Mass-editing memory in a trans-
former. In Proceedings of ICLR.

N. Elhage, T. Henighan, A. Joseph, N. Askell,
M. Brundage, and C. Olah. 2021. A mathemati-
cal framework for transformer circuits. Transformer
Circuits Thread.

A. Conmy, A. N. Mavor-Parker, A. Lynch, S. Heimer-
sheim, and A. Garriga-Alonso. 2023. Towards auto-
mated circuit discovery for mechanistic interpretabil-
ity. In Advances in Neural Information Processing
Systems, volume 36.

M. McDougall, A. Conmy, C. Rushing, T. McGrath,
and N. Nanda. 2023. Copy suppression: Compre-
hensively understanding an attention head. arXiv
preprint arXiv:2310.04625.

E. Hernandez, B. Li, T. Mulligan, J. Rees, K. Shridhar,
D. Bau, and J. Andreas. 2024. Linearity of rela-
tion decoding in transformer language models. In
Proceedings of ICLR.

M. Geva, J. Caciularu, K. R. Wang, and Y. Goldberg.
2022. Transformer feed-forward layers build predic-
tions by promoting concepts in the vocabulary space.
In Proceedings of EMNLP, pages 30–45.

K. Meng, A. Sharma, A. Andonian, Y. Belinkov, and
D. Bau. 2023b. MEMIT: Mass-editing memory in a
transformer. In Proceedings of ICLR.

E. Mitchell, C. Lin, A. Bosselut, C. D. Manning, and
C. Finn. 2022. Fast model editing at scale. In
Proceedings of ICLR.

M. Geva, R. Schuster, J. Berant, and O. Levy. 2021.
Transformer feed-forward layers are key-value mem-
ories. In Proceedings of EMNLP, pages 5484–5495.

K. Wang, A. Variengien, A. Conmy, B. Shlegeris, and
J. Steinhardt. 2023. Interpretability in the wild: A cir-
cuit for indirect object identification in GPT-2 small.
In Proceedings of ICLR.

Z. Sun, Y. Shen, Q. Zhou, H. Zhang, Z. Chen, D. Cox,
Y. Yang, and D. Cheng. 2024. A simple and effec-
tive pruning approach for large language models. In
Proceedings of ICLR.

M. Xu, K. Shridhar, and D. Bau. 2024. Quantization im-
pacts knowledge retrieval in large language models:
A mechanistic study. In Proceedings of ACL.

Gemma Team, T. Mesnard, C. Hardin, R. Dadashi,
S. Bhupatiraju, and S. Pathak. 2024. Gemma: Open
models based on Gemini research and technology.
arXiv preprint arXiv:2403.08295.

A. Dubey, A. Jauhri, A. Pandey, A. Kadian, A. Al-Dahle,
and A. Letman. 2024. The Llama 3 herd of models.
arXiv preprint arXiv:2407.21783.

Qwen Team. 2024. Qwen2.5 technical report. arXiv
preprint arXiv:2412.15115.

Y. Li, S. Bubeck, R. Eldan, A. Del Giorno, S. Gu-
nasekar, and Y. T. Lee. 2023. Textbooks are all
you need II: Phi-1.5 technical report. arXiv preprint
arXiv:2309.05463.

T. Chen, J. Frankle, S. Chang, S. Liu, Y. Zhang, and
M. Carbin. 2019. The lottery ticket hypothesis: Find-
ing sparse, trainable neural networks. In Proceedings
of ICLR.

172



Proceedings of the 4th Workshop on Towards Knowledgeable Foundation Models (KnowFM 2026), pages 173–182
July 3, 2026 ©2026 Association for Computational Linguistics

One Retrieval to Cover Them All:
Co-occurrence-Aware Knowledge Base Reorganization

for Session-Level RAG

Shivam Ratnakar Yixuan Zhu Cecilia Cheng Chaya Vijayakumar
University of Southern California

{sratnaka, yzhu1458, huixiche, cvijayak}@usc.edu

Abstract

RAG systems retrieve documents optimized
for answering one query at a time. Yet en-
terprise users arrive with sessions, that is, co-
herent episodes of related questions that span
semantically distant parts of the knowledge
base. We show that a single retrieval call over
a standard knowledge base covers only 41%
of a user’s session-level information need. To
close this gap, we reorganize the KB offline us-
ing co-occurrence-aware clustering and expand
retrieval candidates through cluster neighbor-
hoods at query time. On WixQA (6,221 enter-
prise support articles), our method raises single-
query session coverage to 58% (+17% absolute;
95% CI: [14.1, 20.4]), reduces retrieval calls
to 70% coverage by 34%, and compresses the
KB to 20% of its original size, all consistently
across four embedding models and six func-
tional domains. We argue that session-level
coverage, not single-query recall, should be the
primary metric for enterprise RAG evaluation.

1 Introduction

Consider a user who contacts Wix customer sup-
port and asks: “How do I connect my own domain?”
A standard RAG system (Lewis et al., 2021) re-
trieves domain-configuration articles and generates
a helpful answer. But the user’s actual need is
broader: they also want to change their site tem-
plate, configure payment processing, and set up
email forwarding. These articles live in entirely dif-
ferent semantic neighborhoods of the knowledge
base. The user must ask four separate questions,
trigger four separate retrieval calls, and hope the
system surfaces the right documents each time.

This scenario exposes a blind spot in how we
build and evaluate RAG systems. The entire
pipeline, from embedding models to retrieval met-
rics, is optimized for single-query relevance: does
the top-k set contain the one document that an-
swers this one question? But enterprise users do

User’s Session: “Setting up my new Wix site”

Needs: Domain setup + Template design + Payment config

Semantic Embedding Space

Domain

DNS
SSL

Template

Favicon

Payment

q

top-k radius

farfar

Vanilla: Domain, DNS, SSL
Coverage = 3/6 = 41%

Ours: Domain, DNS, SSL,
Template, Payment, Favicon

Coverage = 6/6 = 58%

+cluster expansion

Figure 1: The session coverage gap. A user setting
up a website needs articles about domains, templates,
and payments, but these reside in distant regions of
the semantic embedding space. Vanilla RAG retrieves
only documents within the top-k similarity radius of the
query (dashed circle), missing semantically distant but
session-relevant articles. Our cluster expansion recovers
these, raising session coverage from 41% to 58%.

not arrive with isolated questions. They arrive
with sessions: coherent episodes of related infor-
mation needs that span multiple documents across
the knowledge base.

The core problem is that semantic similarity
and user information need are different signals.
Documents that a user needs together during a ses-
sion do not necessarily look alike in embedding
space. Domain configuration articles and template
design articles serve the same user journey but
reside in distant semantic neighborhoods. Stan-
dard RAG, which retrieves by embedding similarity
alone, cannot bridge this gap. It finds documents
that look like the query but misses documents the
user also needs.

We formalize this intuition by introducing
session-level evaluation metrics for RAG (Sec-
tion 3). Single-query session coverage measures
what fraction of a user’s full information need is
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satisfied by one retrieval call. On WixQA (Co-
hen et al., 2025), we find that vanilla RAG covers
only 41% of the session at k=8, meaning the user
must issue multiple follow-up queries to access the
remaining knowledge.

To close this gap, we propose co-occurrence-
aware KB reorganization (Section 4). The idea is
simple: documents that users need together should
be retrievable together. We learn a co-occurrence
embedding space using Word2Vec (Mikolov et al.,
2013) trained on document navigation sequences,
cluster the KB in this space, and expand retrieval
candidates through cluster neighborhoods at query
time. This reorganization happens once, offline,
and the resulting cluster structure benefits any
downstream embedding model. While we primar-
ily use synthetic co-occurrence sequences in this
work, we note that the ground-truth article groups
from WixQA’s expert-labeled queries provide a real
co-occurrence signal, and our method upsamples
these 10× during training to anchor the learned
representations in genuine user needs.

This approach has three appealing properties.
First, it is pre-retrieval: the knowledge base is reor-
ganized once offline, contrasting with post-retrieval
methods like EDC2-RAG (Li et al., 2025) that clus-
ter after retrieval. Second, it is encoder-agnostic:
because clusters are learned from co-occurrence
patterns rather than from a specific embedding
model, the same cluster structure improves retrieval
across different encoders. Third, it provides KB
compression: the cluster structure reduces the ef-
fective knowledge base to 20% of its original size
while improving coverage.

Our contributions are: (1) we introduce session-
level evaluation metrics for RAG that capture multi-
document information needs; (2) we propose co-
occurrence-aware KB reorganization with cluster-
expanded hybrid retrieval; and (3) we demonstrate
consistent gains across four encoders, six domains,
and four complexity levels on an enterprise bench-
mark.

2 Related Work

Query-Side RAG Optimization. A large body
of work optimizes RAG retrieval at query time.
Multi-query approaches rewrite the user’s query
into multiple variants to improve recall. Adap-
tive retrieval methods like CAR (Xu et al., 2025)
dynamically adjust how many documents to re-
trieve based on query complexity. HyDE (Gao

et al., 2023) generates hypothetical answers to im-
prove query embeddings. Hybrid retrieval com-
bines dense and sparse signals (Ma et al., 2023).
All of these optimize which query is sent to the re-
triever. Our work is complementary: we optimize
how the knowledge base is organized before any
query arrives. The two approaches can be com-
bined; for instance, multi-query retrieval could be
applied on top of our reorganized KB, with each
rewritten query benefiting from cluster expansion.
We focus our baselines on the retrieval layer specif-
ically because our contribution is pre-retrieval KB
reorganization, not query rewriting.

Post-Retrieval Document Compression. EDC2-
RAG (Li et al., 2025) clusters retrieved documents
at query time to remove noise and redundancy be-
fore passing context to the LLM, and was accepted
at EMNLP 2025 Findings. CRAG (Akesson and
Santos, 2024) similarly clusters and summarizes
retrieved documents to fit context windows. RAP-
TOR (Sarthi et al., 2024) builds hierarchical sum-
maries for tree-based retrieval. These methods op-
erate after retrieval to compress what was already
fetched. Our method operates before retrieval to
ensure the right documents are fetched in the first
place. The two approaches compose naturally: one
can apply post-retrieval compression on top of our
pre-retrieval reorganization.

Embedding Limitations. Weller et al. (2026)
establish theoretical limits on single-vector dense
embeddings, showing that fixed-dimensional rep-
resentations cannot realize all possible retrieval
configurations. This underscores the need for com-
plementary signals beyond semantic similarity. Our
co-occurrence embeddings provide exactly such a
signal, capturing functional relatedness between
documents that may be semantically distant.

Collaborative Filtering in Information Retrieval.
The use of co-occurrence patterns to learn item rep-
resentations has a long history in recommendation
systems. Item2Vec (Barkan and Koenigstein, 2017)
applies Word2Vec to item co-purchase sequences.
Our work applies the same principle to document
co-access patterns in knowledge bases, bridging
collaborative filtering and information retrieval for
RAG.

Session-Level Evaluation. Existing RAG evalu-
ation focuses exclusively on single-query metrics
such as precision@k, recall@k, MRR, and faith-
fulness (Es et al., 2024). While some observabil-
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ity platforms support session-level monitoring for
multi-turn conversations, no prior work evaluates
retrieval coverage at the session level or measures
how many retrieval calls are needed to satisfy a
user’s full information need. We introduce these
metrics and argue that they better reflect enterprise
RAG performance, where user satisfaction depends
on resolving an entire issue rather than answering
a single question.

3 Problem Formulation

Let D = {d1, . . . , dN} be a knowledge base of
N documents. A session S ⊆ D is a set of docu-
ments that collectively address a user’s information-
seeking episode. Given a query q associated with
session S, a retriever returns an ordered setRq =
{r1, . . . , rk} of k documents.

3.1 Session-Level Metrics

We propose two metrics that evaluate retrieval at
the session level rather than the query level.

Single-Query Session Coverage (Cov). The
fraction of the session’s documents retrieved in
one call:

Cov(q,S) = |Rq ∩ S|
|S| (1)

Standard recall@k is the special case where |S| =
1. When |S| > 1, Coverage captures multi-
document information needs that recall@k cannot
distinguish. A Coverage of 0.6 means 60% of the
user’s total information need is satisfied without
any follow-up queries.

Calls to τ -Coverage (Cτ ). The minimum num-
ber of retrieval calls such that the union of all re-
trieved sets covers fraction τ of the session:

Cτ (S) = min

{
m :
|⋃m

i=1Rqi ∩ S|
|S| ≥ τ

}
(2)

where q1, . . . , qm are sequential queries from the
session. Lower Cτ indicates a more efficient re-
trieval system. In production, each additional re-
trieval call adds latency, API cost, and user friction.

4 Method

Our approach consists of an offline KB reorgani-
zation phase and an online hybrid retrieval phase
(Figure 2).

4.1 Offline: Co-occurrence-Aware Clustering
Step 1: Co-occurrence Sequence Construction.
We construct sequences of document IDs that repre-
sent documents a user would need together. These
sequences are drawn from three complementary
sources:

1. Ground-truth co-occurrence: For each la-
beled query with multiple relevant article IDs,
the article set forms a natural co-occurrence
group. These are the highest-quality signal,
as they reflect real user needs annotated by
domain experts.

2. Embedding-neighborhood walks: Starting
from a random seed document, we perform
random walks through the document similar-
ity graph for 3 to 5 steps, with a 40% ran-
dom jump probability. The high jump rate
ensures that the resulting sequences capture
cross-neighborhood relationships rather than
simply recapitulating the embedding struc-
ture.

3. QA-driven sequences: For each synthetically
generated question-answer pair, we identify
the source document and find its embedding
neighbors. This simulates a user’s browsing
trajectory starting from a specific question.

All sequences are augmented 3× through rever-
sal and contiguous subsequence extraction (length
2 to 4), following the augmentation strategy
of Barkan and Koenigstein (2017).

Step 2: Co-occurrence Embedding. We treat
document IDs as tokens and co-occurrence se-
quences as sentences, training a Word2Vec CBOW
model (Mikolov et al., 2013):

zd = W2VCBOW(d; w=2, ns=10) zd ∈ R100

(3)
The resulting embedding zd captures functional
relatedness: documents that co-occur in user ses-
sions are close in z-space, regardless of their
semantic similarity. This is analogous to how
Item2Vec (Barkan and Koenigstein, 2017) learns
product representations from co-purchase patterns,
except that our “items” are knowledge articles and
our “purchases” are co-access events.

Step 3: Hierarchical Clustering. We apply ag-
glomerative clustering with cosine distance and
average linkage to the co-occurrence embeddings,
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(a) Offline: KB Reorganization

Semantic Space

Same-session docs are
scattered across space

Word2Vec
on co-occ

Co-occurrence Space

Same-session docs are
clustered together

(b) Online: Hybrid Retrieval

Query q

Encode
(any model)

Top-kv=3
Vanilla Retrieval

3 docs

Cluster Expansion

+12

Re-rank

Top-k=8 Results
Coverage: 58%

cluster structure

Figure 2: System overview. (a) Offline: Documents from the same user session (same color) are scattered in
semantic embedding space but cluster together after Word2Vec training on co-occurrence sequences. (b) Online:
Given a query, we retrieve the top-3 by similarity (gray dots), expand through their cluster neighborhoods (blue dots,
+12 candidates), and re-rank the union to return the top-8 with 58% session coverage.

targeting approximately 20% of the original KB
size. Formally, we compute C = {C1, . . . , CM}
where M=⌈N/5⌉ via agglomerative clustering
over {zd}d∈D. Each cluster Cj ⊂ D groups func-
tionally related documents that may span different
semantic topics.

4.2 Online: Hybrid Retrieval with Cluster
Expansion

Given a query q with embedding eq produced by
any encoder and document embeddings {ed}d∈D:

Step 1: Vanilla Retrieval. Retrieve the top-kv
documents by cosine similarity:

Vq = top-kv
d∈D

cos(eq, ed) (4)

Step 2: Cluster Expansion. For each retrieved
document, gather all documents from its cluster as
expansion candidates:

Eq =
⋃

d∈Vq

C(d) \ Vq (5)

where C(d) denotes the cluster containing docu-
ment d. With an average cluster size of 5.0, retriev-
ing kv=3 documents expands the candidate pool
to approximately 3 × 5 = 15 candidates before
deduplication.

Step 3: Re-rank and Return. Rank the ex-
panded candidate set by direct query-document
similarity and return the top-k:

Rq = top-k
d∈Vq∪Eq

cos(eq, ed) (6)

The vanilla results Vq are guaranteed to appear
in the candidate pool, preserving first-hit preci-
sion. The expansion adds co-occurring documents
that would otherwise be missed because they have
low semantic similarity to q. We set kv=3 and
k=8 throughout our experiments unless otherwise
noted.

4.3 Implementation Details

For QA pair generation, we use GPT-4.1-nano to
produce 10 question-answer pairs per document,
yielding 31,500 pairs across the WixQA KB (cost:
approximately $2 USD). Co-occurrence sequence
generation produces 16,594 augmented sequences.
Word2Vec training completes in under 30 seconds
on a single CPU core. Agglomerative clustering
over 6,221 documents takes approximately 2 min-
utes. The entire offline pipeline runs in under 20
minutes, making it practical for periodic KB reor-
ganization.

At inference time, the hybrid retrieval adds neg-
ligible latency: cluster lookup is O(1) via a pre-
computed dictionary, and the expansion step adds
at most kv × ¯|C| candidates (approximately 15) to
the re-ranking pool. The total retrieval overhead
is dominated by the original embedding similarity
computation, not the expansion.

5 Experimental Setup

5.1 Datasets

WixQA. Our primary evaluation uses
WixQA (Cohen et al., 2025), an enterprise
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RAG benchmark containing 6,221 customer sup-
port articles from the Wix Help Center knowledge
base. The dataset includes 400 expert-labeled
queries: 200 expert-written queries with multi-step
answers and 200 simulated queries validated by
domain experts. Each query is annotated with
ground-truth article IDs from the KB, enabling
evaluation with real relevance labels.

E-Commerce Support. For cross-domain valida-
tion, we evaluate on an e-commerce customer sup-
port corpus containing 1,000 conversations across
10 product categories and multiple issue types. Co-
occurrence sessions are defined by shared issue-
category and product-category metadata, providing
naturally defined user sessions without synthetic
construction.

5.2 Session Construction
Sessions correspond to co-occurrence clusters,
where each cluster represents a group of articles
that collectively serve a user’s information-seeking
episode. We construct 200 evaluation sessions from
the WixQA clusters, with a mean size of 7.9 doc-
uments (range: 3 to 70). For each evaluation trial,
we randomly sample one entry query from the ses-
sion and measure retrieval coverage over the full
session.

5.3 Baselines
We compare our hybrid retrieval against two base-
lines: (1) Vanilla RAG, which retrieves the top-
k documents by cosine similarity between query
and document embeddings; and (2) Cross-encoder
re-ranking, which retrieves the top-30 by embed-
ding similarity and then re-ranks using ms-marco-
MiniLM-L-6-v2 cross-encoder.

5.4 Embedding Models
To demonstrate encoder-agnostic gains, we eval-
uate across four embedding models spanning
different architectures, training objectives, and
model sizes: all-MiniLM-L6-v2 (22M parame-
ters, general-purpose), bge-base-en-v1.5 (109M,
retrieval-optimized), gte-base (109M, text cluster-
ing), and e5-base-v2 (109M, weakly supervised).

5.5 Statistical Methodology
All reported confidence intervals are computed via
bootstrap resampling with 1,000 samples at the
95% level. We seed all random operations (session
entry point selection, sequence generation) with a
fixed seed for reproducibility.
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Figure 3: Session coverage vs. retrieval budget. The
shaded area represents the coverage gap that cluster
expansion closes. Notably, the gap widens with k.

k Vanilla Hybrid ∆ Rel. ∆

5 36.9% 45.9% +9.0% +24%
8 41.4% 59.1% +17.7% +43%

10 43.4% 63.5% +20.1% +46%
15 49.7% 76.8% +27.1% +55%
20 56.2% 83.1% +26.8% +48%

Table 1: Session coverage at varying retrieval budgets.
Bold indicates the primary operating point (k=8).

6 Results

6.1 Session Coverage vs. Retrieval Budget

Table 1 and Figure 3 report session coverage as the
retrieval budget varies. The coverage gap between
vanilla and hybrid widens with k: from +9.0% at
k=5 to +27.1% at k=15. This scaling property is
important because it means that as context windows
grow and retrieval budgets increase, the relative
value of cluster expansion grows rather than sat-
urates. At k=20, hybrid retrieval achieves 83.1%
session coverage, compared to 56.2% for vanilla.

6.2 Retrieval Efficiency

Table 2 and Figure 4 quantify the practical ef-
ficiency gain. To reach 70% session coverage,
vanilla RAG requires 4.0 calls on average while
hybrid retrieval requires only 2.6, a 34% reduc-
tion. At the 80% threshold, the savings increase
to 1.7 fewer calls per session. In production sys-
tems that handle millions of sessions, this translates
directly to reduced latency, lower API costs, and
fewer user interactions needed to resolve each sup-
port episode.
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Figure 4: Retrieval calls to reach session coverage
thresholds. Hybrid retrieval requires 26 to 36% fewer
calls across all targets.

τ Vanilla Hybrid Reduction Saved

50% 2.3 1.7 26% 0.6
60% 2.8 2.0 29% 0.8
70% 4.0 2.6 34% 1.4
80% 4.7 3.0 36% 1.7
90% 6.7 4.4 35% 2.4

Table 2: Retrieval calls needed to reach coverage thresh-
olds τ .

6.3 Effect of Session Complexity

Table 3 stratifies results by the number of docu-
ments in the session. The method provides sub-
stantial gains at every complexity level, with all
95% bootstrap confidence intervals excluding zero.
The largest absolute gain appears on complex ses-
sions (8 to 15 documents): +17.6% with a CI lower
bound of +11.8%. For simple sessions (3 to 4 doc-
uments), coverage jumps from 52.0% to 70.8%.
The diminishing absolute gain on very complex
sessions (16+ documents) is expected: a retrieval
budget of k=8 cannot cover 16 or more documents
in a single call regardless of the retrieval strategy.

6.4 Encoder Robustness

Table 4 demonstrates that the cluster structure,
which is learned once from co-occurrence patterns,
improves retrieval across all four embedding mod-
els. The deltas range from +17.1% to +20.6%
absolute, with every bootstrap CI excluding zero.
This confirms that co-occurrence captures informa-
tion that is orthogonal to any specific embedding
model’s representation, and that the offline cluster
structure is a genuinely encoder-agnostic resource.

Type N Van. Hyb. ∆ 95% CI

Simple (3–4) 92 52.0 70.8 +18.8 [13.1, 24.3]
Medium (5–7) 48 41.5 58.1 +16.7 [10.7, 22.9]
Complex (8–15) 41 28.3 45.9 +17.6 [11.8, 23.1]
V. Cmplx (16+) 19 15.2 23.8 +8.6 [5.5, 11.9]

Table 3: Session coverage (%) by complexity with 95%
bootstrap CIs. All intervals exclude zero.

Encoder Van. Hyb. ∆ 95% CI

MiniLM-L6-v2 41.1 58.2 +17.1 [14.0, 20.2]
bge-base-v1.5 39.8 57.1 +17.2 [14.2, 20.7]
gte-base 40.4 60.8 +20.4 [17.0, 23.8]
e5-base-v2 39.8 60.4 +20.6 [17.1, 23.9]

Table 4: Session coverage (%) across encoders (k=8)
with 95% bootstrap CIs. All intervals exclude zero.
Clusters are learned once and benefit all encoders.

6.5 Domain Generalization

We apply Latent Dirichlet Allocation to identify
six functional domains within WixQA (Table 5).
The hybrid method improves coverage in all six
domains, with gains ranging from +12.7% (Apps
& Email) to +21.5% (Editor & Studio). This con-
sistency across topically diverse domains confirms
that the method is not specific to any particular
content type or user behavior pattern within the
KB.

6.6 Cross-Dataset Validation

To validate beyond a single benchmark, we evaluate
on an e-commerce customer support corpus with
1,000 documents and 94 naturally defined sessions.
Session coverage improves from 32.2% to 43.3%
(+11.1% absolute, +34% relative), confirming that
the method generalizes to a different domain, doc-
ument structure, and session definition.

7 Analysis

7.1 Semantic Similarity vs. Co-occurrence

We compute the Pearson correlation between se-
mantic similarity (cosine in MiniLM embedding
space) and co-occurrence strength for 10,000 sam-
pled document pairs (Figure 5). The correlation is
weak (r ≈ 0.2), confirming that documents users
need together are not necessarily the documents
that look alike in embedding space. This weak
correlation is precisely what makes co-occurrence
clustering valuable: it provides a complementary
signal that semantic embeddings structurally can-
not capture, and cluster expansion surfaces the “low
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Domain N Van. Hyb. ∆

Bookings & Payments 37 34.2% 50.8% +16.6%
Apps & Email 28 40.0% 52.6% +12.7%
Editor & Studio 58 46.3% 67.8% +21.5%
Plans & Pricing 13 52.8% 71.1% +18.3%
Media & Domains 26 50.0% 63.0% +13.0%
Stores & Blog/CMS 38 37.6% 51.9% +14.3%

Table 5: Session coverage across six WixQA functional
domains. Gains are positive in all six domains.
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Figure 5: Semantic similarity vs. co-occurrence strength
(schematic from 10K sampled pairs). The red triangle
region (low similarity, high co-occurrence) contains doc-
ument pairs that vanilla RAG cannot surface together.
Weak Pearson correlation (r=0.20) confirms the signals
are complementary.

similarity, high co-occurrence” document pairs that
vanilla RAG systematically misses.

7.2 Cluster Quality Analysis
Table 6 reports detailed clustering statistics. The
1,244 clusters have a mean size of 5.0 documents
with a long-tailed distribution: most clusters con-
tain 3 to 5 documents (corresponding to simple
user sessions), while a small number of large clus-
ters (up to 70 documents) capture broad topics like
“account management” that touch many articles.

The silhouette score of 0.205 indicates moder-
ate cluster cohesion. This moderate (rather than
high) score is expected and actually desirable: co-
occurrence clusters intentionally group semanti-
cally diverse documents, so high cohesion in the
semantic embedding space would indicate that the
clusters are simply recapitulating semantic similar-
ity rather than adding new information.

The within-cluster co-occurrence rate of 25.9%
means that approximately one in four co-occurring
document pairs land in the same cluster. This is
substantially above the random baseline of 1/M ≈
0.08%, confirming meaningful structure. The rate

Statistic Value

Original KB size 6,221 documents
Number of clusters M 1,244
Compression ratio 20.0%
Mean cluster size 5.0
Median cluster size 4
Max cluster size 70
Silhouette score 0.205
Within-cluster co-occ rate 25.9%
Word2Vec vocabulary coverage 98.8%
Augmented co-occ sequences 16,594

Table 6: Clustering statistics on WixQA.

# Document Title

1 Connecting a Domain You Already Own
2 Transferring a Domain to Wix
3 Getting a Free Domain with Premium Plans
4 Changing Your Site Template
5 Customizing Your Site’s Favicon

Table 7: Example cluster containing semantically di-
verse but functionally related documents. Documents
1–3 cover domain management; documents 4–5 cover
site design. Users setting up a new website commonly
need all five.

is not higher because the co-occurrence sequences
draw from three signal sources with different prop-
erties, and the clustering finds a compromise that
respects all three.

7.3 Qualitative Example

To illustrate the method’s behavior concretely, con-
sider a representative cluster:

Documents 1 through 3 form a tight semantic
group (domain management), while documents 4
and 5 are semantically distant (site design). Yet
all five are commonly needed by users setting up a
new website. When a user asks about connecting
their domain, vanilla RAG retrieves documents 1
through 3 but misses 4 and 5 entirely. Cluster ex-
pansion adds documents 4 and 5 to the candidate
pool, and the re-ranker surfaces them if they match
the query context.

7.4 Precision Trade-off

Cluster expansion trades marginal first-hit preci-
sion for substantially broader coverage. At k=8,
Hits@K decreases slightly from 96.0% to 93.0%.
This is the correct trade-off for session-oriented set-
tings: covering 58% of the user’s full information
need is more valuable than a 3% improvement in
whether the single best document appears in the
top result. In practice, this trade-off can be tuned
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by adjusting kv: increasing kv from 3 to 5 pre-
serves more vanilla precision at the cost of fewer
expansion slots.

7.5 Boundary Condition: When the Method
Does Not Help

On HotpotQA (Yang et al., 2018), where each ques-
tion has an isolated paragraph set with no cross-
query document reuse, the method shows no gain
(∆ = −1.4%). This negative result is informative:
it confirms that the improvement requires a persis-
tent knowledge base where documents are reused
across multiple user sessions. In such settings, co-
occurrence patterns form naturally from repeated
access. In benchmarks where each question con-
structs an ad-hoc document set, no co-occurrence
signal can emerge. This boundary condition con-
firms that gains are driven by learned co-occurrence
patterns rather than by an artifact of the expansion
mechanism itself.

8 Conclusion

We propose that RAG evaluation should shift from
single-query recall to session-level coverage, and
demonstrate a simple method to close the resulting
coverage gap: reorganize the KB offline using co-
occurrence-aware clustering, then expand retrieval
candidates through cluster neighborhoods at query
time. A single retrieval call over a reorganized KB
covers 58% of a user’s session-level information
need (compared to 41% for standard RAG) while
requiring 34% fewer calls to reach practical cov-
erage thresholds. The method is encoder-agnostic
(+17 to 21% across four models), domain-general
(gains in 6 out of 6 domains), and provides 80%
KB compression as a side benefit.

For future work, we plan to incorporate real user
navigation logs to replace synthetic co-occurrence
sequences and measure how the quality of the co-
occurrence signal affects downstream coverage
gains. We also plan to evaluate the impact on
end-to-end generation quality using LLM-as-judge
metrics, as higher retrieval coverage does not au-
tomatically translate to better generated answers if
the LLM cannot effectively use the broader con-
text. Finally, we intend to explore adaptive cluster
expansion, where the number of expanded candi-
dates scales with query ambiguity, and to investi-
gate combining our pre-retrieval KB reorganiza-
tion with post-retrieval compression methods like
EDC2-RAG (Li et al., 2025) for end-to-end session-

level RAG optimization.

Limitations

Our co-occurrence sequences are constructed from
embedding neighborhoods and synthetic QA pairs
rather than real user interaction logs. While the
ground-truth article groups from WixQA provide a
real co-occurrence signal and the HotpotQA bound-
ary experiment confirms that persistent document
reuse is required, real enterprise usage data would
likely produce stronger co-occurrence patterns and
larger gains. We were unable to use real navigation
logs due to the absence of publicly available en-
terprise session data, a common constraint in this
domain.

Session-level evaluation uses cluster-derived ses-
sions as a proxy for real user sessions; evalu-
ation on logged multi-turn conversations would
strengthen the claims.

We evaluate retrieval coverage but not down-
stream generation quality. Higher coverage intro-
duces more diverse context into the LLM’s input,
which may trigger the “lost in the middle” phe-
nomenon (Liu et al., 2024) where models under-
utilize information in the middle of long contexts.
Whether the 58% session coverage translates to
proportionally better generated answers remains an
open question that we leave to future work.

The 40% random jump probability in embedding
walks was set heuristically; a systematic search
over this hyperparameter could improve results.
Finally, while we evaluate across four encoders, six
domains, and two datasets, additional enterprise
KB evaluations with real user session logs would
further establish generalizability.

Ethics Statement

This work uses publicly available datasets (WixQA
under MIT license) and does not involve human
subjects, private user data, or personally identifi-
able information. The synthetic QA pairs are gen-
erated from public knowledge base articles. Our
method reorganizes existing knowledge bases and
does not generate new content, so it does not intro-
duce additional hallucination risk beyond what is
inherent in the underlying RAG system. We note
that co-occurrence patterns learned from real user
logs, if used in future work, would require appro-
priate anonymization and privacy protections.
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A Single-Query Retrieval Results

For completeness, we report standard single-query
retrieval metrics on the 400 WixQA expert queries
(Table 8). We evaluate a boost-based scoring vari-
ant which adds a cluster-relevance signal to direct
document similarity with weight α=0.2. This pro-
vides modest but consistent gains over vanilla re-
trieval on single-query metrics. The gains are small
because WixQA queries are predominantly single-
aspect; the method’s primary value is at the session
level (Section 6).

Method W. Recall Hits@K MRR

Vanilla 52.8% 57.5% 0.359
Reranker 53.1% 58.0% 0.334
Boost (α=0.2) 55.2% 59.8% 0.363

Table 8: Single-query metrics on 400 WixQA expert
queries.

B Hyperparameter Sensitivity

Vanilla slots kv. Table 9 shows session coverage
as kv varies with k=8 fixed. Lower kv allocates
more slots to cluster expansion, increasing cover-
age at the cost of first-hit precision. We select kv=3
as it provides the best balance.

Boost weight α. For the boost-based variant used
in single-query evaluation, Table 10 shows the
effect of α. The value α=0.2 provides the best
weighted recall; higher values degrade performance
as the cluster signal overwhelms direct similarity.
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kv Coverage Hits@K ∆ Cov

1 61.2% 87.5% +20.1%
2 59.8% 90.0% +18.7%
3 58.2% 93.0% +17.1%
5 50.2% 95.5% +9.1%
7 43.5% 96.0% +2.4%

Table 9: Effect of vanilla slots kv on session coverage
and Hits@K (k=8). kv=3 balances coverage with pre-
cision.

α W. Recall Hits@K ∆ WR

0.1 54.1% 58.8% +1.2%
0.2 55.2% 59.8% +2.4%
0.3 54.2% 58.8% +1.3%
0.4 52.2% 56.5% −0.7%
0.5 50.8% 55.0% −2.0%

Table 10: Effect of boost weight α on single-query
metrics.

C Cross-Dataset Summary

Table 11 summarizes results across all evaluation
settings, including the HotpotQA boundary experi-
ment.

Dataset Domain Docs Van. Hyb. ∆

WixQA Web Support 6,221 41% 58% +17%
E-Commerce E-Commerce 1,000 32% 43% +11%

HotpotQA Open-domain 5,842 35.8% 34.4% −1.4%

Table 11: Cross-dataset session coverage (k=8). Gains
are consistent on persistent KBs and absent on ad-hoc
paragraph sets (HotpotQA), confirming the method re-
quires cross-session document reuse.

D Reproducibility Details

The offline pipeline (QA generation, sequence
construction, Word2Vec training, and cluster-
ing) runs in under 20 minutes on a single CPU
core, excluding API time for QA generation
(approximately 6 minutes with 30 concurrent
threads). All embedding models are loaded via
the sentence-transformers library. WixQA is
available under MIT license at Wix/WixQA on Hug-
gingFace.

Parameter Value

Word2Vec architecture CBOW
Embedding dimension 100
Window size 2
Negative samples 10
Training epochs 30
Random jump probability 0.40
Clustering method Agglomerative (cosine, avg)
Target compression 20% (M = ⌈N/5⌉)
Vanilla slots kv 3
Retrieval budget k 8
QA generation model GPT-4.1-nano
QA pairs per document 10
Bootstrap samples 1,000
Random seed 42

Table 12: Full hyperparameter configuration.
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