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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

6



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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