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Abstract

Lifelong knowledge editing aims to inject a
stream of factual updates into large language
models (LLMs) without retraining, yet exist-
ing memory-based editors often suffer from
catastrophic forgetting as edits accumulate. We
argue that a key factor is the coupled knowl-
edge memory mechanism, where addressing
(routing) and storage (writing via memory-
module updates) are entangled. This entan-
glement makes it difficult to confine the ef-
fects of each edit to its intended scope, par-
ticularly in multi-domain and associated-fact
editing streams, where updates either span di-
verse semantic domains or repeatedly modify
related attributes of the same subject. Conse-
quently, updating memory for one edit inad-
vertently alters the routing and stored repre-
sentations of previously injected edits, lead-
ing to catastrophic forgetting as edits accu-
mulate. We propose DKME, which decou-
ples addressing from storage via two stages:
decoupled semantic addressing learns a fact-
aware manifold for scope-aware routing, and
partitioned memory storage localizes edits to
memory partitions identified by unsupervised
clustering in the embedding space. Experi-
ments on three benchmarks, including HalluEd-
itBench, CKnowEdit, and WikiData.qunterfact»
demonstrate that DKME consistently achieves
a more favorable trade-off between editing suc-
cess and locality compared to baselines, while
maintaining more stable performance as the
edit scale increases.

1 Introduction

Knowledge in the real world continuously evolves,
requiring large language models (LLMs) (Achiam
et al., 2023; Guo et al., 2025) to be updated over
time to remain reliable and up-to-date (Zhang et al.,
2024; Wu et al., 2024; Li and Chu, 2025). Lifelong
knowledge editing addresses this need by injecting
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a stream of factual updates into a pretrained LLM
without retraining or finetuning (Hartvigsen et al.,
2023; Wang et al., 2024a; Thede et al., 2025). Re-
cent memory-based editors incorporate pluggable
side modules to avoid directly modifying origi-
nal model parameters, thereby improving safety
(Zhang et al., 2024; Wang et al., 2024a). However,
they often struggle to remain stable under complex
edit streams (Lin et al., 2024). As the number of ed-
its grows, these methods can exhibit a substantial
performance decline on earlier edits, commonly
referred to as catastrophic forgetting (Wang and
Li, 2024; Shi et al., 2025). In this work, we evalu-
ate lifelong editors using three fundamental metrics
(Wang et al., 2024a; Zhang et al., 2024; Wang et al.,
2024c; Yao et al., 2023; De Cao et al., 2021; Tan
et al., 2021): reliability, generalization, and local-
ity, which capture edit success, generalization to
equivalent queries, and preservation of unrelated
knowledge, respectively.

Empirically, we observe that existing methods
exhibit pronounced instability under two represen-
tative editing streams. (1) Multi-domain edit-
ing: performance decays when successive edits
rapidly switch across diverse semantic domains
(Figure 1(a.1)), a typical pattern in hallucination
correction tasks (Hartvigsen et al., 2023; Fang
et al., 2025a; Huang et al., 2024a). (2) Associated-
fact editing: performance degrades when repeat-
edly editing multiple attributes of the same sub-
ject (Zhang et al., 2024; Cohen et al., 2024), as
cross-edit interference accumulates with edit scale
(Figure 1(a.2)).

We argue that these failures largely stem from
memory entanglement. Existing memory-based
editors typically couple knowledge addressing (de-
ciding whether and which memory to activate)
with knowledge storage (writing new knowledge
by updating the memory-module parameters) in a
shared mechanism (Hartvigsen et al., 2023; Wang
et al., 2024a). Under lifelong editing, this coupling
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Figure 1: Left: Editing stability under two representative lifelong editing streams, measured by Avg. as the edit
scale 7" increases. (a.l1) Multi-domain setting, where the edit stream rapidly switches across semantic domains.
(a.2) Associated-fact setting, where multiple fact updates share the same subject. Avg. is the arithmetic mean of
reliability, generalization, and locality. Right: Motivating results of memory-based editor in a lifelong setting. (b.1)
Current Evaluation reports reliability on the latest edit. (b.2) Cumulative Evaluation aggregates reliability and
generalization over all edits up to the current step. (b.3) Spectral & Nuclear Norm tracks the growth of the memory-
module weight norms. (b.4) Relative Frobenius Norm Variation measures cumulative deviation from the initial
memory weights. Together, the increasing weight deviation and norm growth coincide with degraded cumulative
performance, indicating escalating cross-edit interference as edits accumulate. Further details in Appendix C.1.

leads to progressive weight deviation in the mem-
ory module (Figure 1(b.3)-(b.4)). Consequently,
the latest edit can achieve high current accuracy
(Figure 1(b.1)), cumulative accuracy over all past
edits steadily degrades as edits accumulate (Fig-
ure 1(b.2)), indicating growing cross-edit interfer-
ence and forgetting.

To mitigate memory entanglement, we propose
DKME (Decoupled Knowledge Memory Editing),
a two-stage mechanism that decouples knowledge
addressing from knowledge storage, separating
routing decisions from parameter updates. Con-
cretely, Stage I Decoupled Semantic Address-
ing learns an independent semantic manifold for
scope-aware routing, deciding whether a query falls
within the scope of existing edits and which neigh-
borhood it should be associated with. Stage I1
Partitioned Memory Storage then leverages this
manifold to partition edited knowledge into local-
ized memory modules, localizing updates to a se-

lected partition. By decoupling semantic address-
ing from knowledge storage and localizing updates
to partitioned memory modules, DKME effectively
mitigates cross-edit interference and enhances sta-
bility under both multi-domain and associated-fact
editing scenarios. Our contributions are as follows:

* We identify memory entanglement in memory-
based editors as a key factor underlying insta-
bility in lifelong knowledge editing, particu-
larly under multi-domain and associated-fact
edit streams.

* We introduce DKME, a decoupled knowledge
memory method that separates semantic ad-
dressing from memory updates and localizes
edits to partitioned memory modules to miti-
gate cross-edit interference.

* We conduct extensive experiments on three
benchmarks under lifelong editing settings,
showing that DKME consistently outperforms
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strong baselines in terms of reliability, gener-
alization, and locality.

2 Related Work

2.1 Lifelong Knowledge Editing

Lifelong knowledge editing updates LLMs with a
stream of factual edits while balancing reliability,
generalization, and locality (Wang et al., 2024a;
Wang and Li, 2024; Wang et al., 2024c). A key
challenge is mitigating cross-edit interference and
catastrophic forgetting as edits accumulate (Wang
and Li, 2024). To address this challenge, prior work
mainly follows two paradigms: locate-then-edit
and memory-based approaches, which differ pri-
marily in whether the original model parameters
are modified (Yao et al., 2023). The locate-then-
edit paradigm identifies model components asso-
ciated with target facts and directly modifies their
parameters to inject new knowledge (Meng et al.,
2022, 2023; Fang et al., 2025b; Gupta et al., 2024;
Dong et al., 2025; Li et al., 2025; Jiang et al., 2025).
These methods commonly presume that multi-layer
perceptron (MLP) layers are the central modules
for knowledge storage within the model (Dai et al.,
2022; Geva et al., 2021; Dong et al., 2025; Li et al.,
2025). Additionally, some research has also exam-
ined the contribution of attention heads to knowl-
edge propagation (Geva et al., 2023; Gould et al.,
2024; Jiang et al., 2024). However, under continual
editing, such methods can induce cross-edit inter-
ference and degradation of earlier edits (Hu et al.,
2025). Memory-based approaches store updates
in auxiliary memory modules, such as codebooks
(Hartvigsen et al., 2023), neurons (Wang et al.,
2024a; Wang and Li, 2024; Huang et al., 2023), or
auxiliary models (Mitchell et al., 2022). GRACE
(Hartvigsen et al., 2023) constructs a discrete key-
value codebook and maintains it through key oper-
ations, including adding, expanding, and splitting.
WISE (Wang et al., 2024a) proposes a side-memory
architecture with margin-based finetuning (Chen
etal., 2020) and a sharding-and-merging strategy to
reduce catastrophic forgetting in continual model
editing.

2.2 Knowledge Memory in LLMs

LLM memory is commonly categorized into work-
ing memory and long-term memory (Wang et al.,
2024a). Working memory is typically activated dur-
ing inference, with in-context learning (ICL) (Wei
et al., 2022) serving as a representative paradigm.

However, controllability can be limited when mod-
els fail to faithfully follow the provided context
(Huang et al., 2025; Hu et al., 2024). Recent stud-
ies improve ICL controllability (Li et al., 2023;
Chen et al., 2024). Long-term memory is encoded
in parameters and updated via retraining or finetun-
ing (Radford et al., 2018; Hu et al.), which is costly
(Achiam et al., 2023; Guo et al., 2025) and may suf-
fer from overfitting and forgetting (Tirumala et al.,
2022; Luo et al., 2023). Knowledge editing pro-
vides a more data-efficient alternative, spanning
retrieval-based editors (e.g., SERAC, GRACE)
(Mitchell et al., 2022; Hartvigsen et al., 2023) and
parameter-localization editors (e.g., MEMIT, Al-
phaEdit) (Meng et al., 2023; Fang et al., 2025b).
WISE (Wang et al., 2024a) further constrains the
retrieval and updating of working memory under a
long-term memory framework. In this context, we
study parametric knowledge memory for lifelong
editing and propose a decoupled design that sepa-
rates addressing from storage to reduce cross-edit
interference and improve long-term stability.

3 Problem Definition

Following Yao et al. (2023), let fy denote an
LLM parameterized by 6. Starting from the
pre-edit model 6y (pretrained on a large-scale
corpus Dyain), we consider a sequence of ed-
its {(ws,y¢)},, where each (x;,y;) denotes a
query—answer pair at time step ¢. Let De%it =
{(z4,vi) };_, denote the accumulated edit set up to
time ¢. At time step ¢, the editor KE takes as input
the current edit (x¢,y;) and the LLM fy, , from
time step ¢ — 1, and produces an updated LLM fy,,
formally defined as:

f9t — KE(th_Nxt?yt) )

where  fp,(x) = {y7 ifﬂ(x,?/) < Degdtit’
fo,(x), otherwise.
ey
Eq. (1) specifies the desired behavior of the post-
edit LLM. Based on the above settings, an effective
editor KE should satisfy the criteria of three fun-
damental properties (Wang et al., 2024a; Zhang
et al., 2024; Wang et al., 2024c¢; Yao et al., 2023;
De Cao et al., 2021; Tan et al., 2021): reliability
(Rel.; correctness on edit prompts); generalization
(Gen.; correctness on paraphrases x}); and local-
ity (Loc.; invariance on unrelated prompts z}°°),
defined as follows:
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Here, 1(-) is the indicator function. We also
report their arithmetic mean (Avg.) as an overall
trade-off score.

4 Methodology

Motivation DKME is motivated by memory
entanglement in lifelong memory-based editors,
where knowledge addressing (routing) and stor-
age (writing via parameter updates) are coupled,
causing routing decisions and updates to overlap
across edits and thereby amplifying cross-edit in-
terference. As summarized in Table 1, represen-
tative editors (e.g., WISE (Wang et al., 2024a),
GRACE (Hartvigsen et al., 2023)) adopt coupled
architectures with shared or discretized storage,
which becomes particularly unstable under multi-
domain and associated-fact edit streams. To miti-
gate this, DKME decouples addressing from stor-
age via two stages: Decoupled Semantic Address-
ing for scope-aware routing on a discriminative
manifold, and Partitioned Memory Storage for
localizing updates to selected memory partitions.
Figure 2 provides an overview of DKME.

Method Arch. Addr. Storage Manif.
WISE Coupled A Shared A
GRACE Coupled X Discrete X

DKME Decoupled v Partitioned v

Table 1: Comparison of current memory-based knowl-
edge editing methods. Arch.: architecture; Addr.: ad-
dressing mechanism; Storage: storage scheme; Manif.:
manifold awareness. v', x, and A indicate supported,
not supported, and partially supported, respectively.

4.1 Stage I: Decoupled Semantic Addressing

Stage I learns a discriminative manifold for precise
knowledge addressing. In lifelong editing, seman-
tic boundaries can be blurred by memory entangle-
ment: queries from different domains, or different
facts about the same entity, may share overlapping

lexical and semantic features. To address this issue,
we introduce Decoupled Semantic Addressing
(DSA), which learns an embedding space dedicated
to scope-aware routing—deciding whether a query
falls within the scope of existing edits and, if so,
which neighborhood it should be associated with.

Fact-aware addressing manifold. We adopt
Sentence-BERT (SBERT; Reimers and Gurevych,
2019) as the base encoder and denote it by ¢(-). To
adapt the embedding space to the needs of knowl-
edge editing, particularly to separate semantically
proximate yet factually distinct queries, we fine-
tune g with a metric-learning objective.

Triplet construction. To finetune g(-), we con-
struct triplets from a held-out subset drawn from
the same benchmarks but disjoint from the evalua-
tion edits, ensuring that the router is trained with-
out using any test instances. For each anchor query
2% in this subset, positives zP® come from its
paraphrases and portability prompts (when avail-
able) that refer to the same underlying fact. Hard
negatives £"°¢ are drawn from the associated local-
ity set of ", which provides semantically related
but fact-mismatched queries (e.g., the same subject
with a different relation/object, or a different sub-
ject), encouraging g(-) to sharpen scope boundaries
for routing.
We then optimize the triplet loss:

Lais = max (0, [lg(2™) — g(z**)3
~llg(™) = ga"*) 3 +a), )

where « is a margin. This objective forms com-
pact neighborhoods for queries expressing the same
edited fact, while pushing away semantically simi-
lar but out-of-scope queries, yielding an addressing
manifold that is sensitive to factual boundaries for
routing. See Appendix C.2 for visualizations.

Scope-aware routing with a threshold. At in-
ference time, for an incoming query z, we compute
g(z) and measure cosine similarities to the embed-
dings of historical edit queries {g(x;)}. We define

Smax(‘r) = mz?ix COS(g(]I), g(xz)) (6)

as the maximum similarity. A threshold 7 then
performs scope-aware routing:

o if Spax () > 7, x is in-scope and forwarded
to Stage II for partition selection;
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Figure 2: Overview of DKME. (a) Prior memory-based editors couple routing and writing in the memory module,
causing cross-edit interference under multi-domain or associated-fact streams. (b) DKME decouples routing from
writing in two stages. Stage I computes a similarity score $yax () on a fact-aware manifold and applies a threshold
7 for scope-aware routing. Stage II performs manifold clustering to select a partition m and updates only the
corresponding memory parameters (e.g., qum)), leaving the backbone and other partitions frozen. (¢c) DKME
applies the same semantic addressing and memory partition selection at both the editing and inference phases,

ensuring consistent activation and localized updates.

* otherwise, x is out-of-scope and answered by
the frozen backbone without invoking the edit-
ing modules.

DSA thus serves as a semantic router decou-
pled from the backbone parameters: it routes based
on proximity in a fact-calibrated addressing space,
rather than raw surface-level similarity. Note that
DSA does not verify factual correctness; instead,
the hard negatives make the manifold more dis-
criminative for separating semantically similar but
factually different edit scopes, and 7 provides a
controllable knob for scope selection. We analyze
sensitivity to 7 in Section 5.4.

4.2 Stage II: Partitioned Memory Storage

Once a query is identified as in-scope, the remain-
ing challenge is to prevent cross-edit interference,
especially under multi-domain and associated-fact
edit streams. Stage II introduces Partitioned Mem-
ory Storage (PMS), which maps in-scope queries
to isolated parameter subspaces so that updates for
different knowledge groups are localized to differ-
ent memory partitions.

FFNs as parametric knowledge memories. Fol-
lowing prior findings that FFN blocks in LLMs
function as parametric key—value memories (Geva

et al., 2021; Qiu et al., 2024), we implement parti-
tioned storage by duplicating and specializing the
value-side parameters of selected FFN layers. Let
h € R? denote the input to a chosen FEN layer (i.e.,
the attention output (Geva et al., 2021; Kobayashi
et al., 2025)). For exposition, we use a simplified
form to highlight the partitioned value parameters:

FEN(h) = o(h" W) W,, (7

where W, and W, denote key- and value-side
matrices, and o (-) is the activation (e.g., SWiGLU).

We keep the original value parameters Wf,o)
frozen to preserve pretrained knowledge, and intro-
duce trainable value matrices {Wl()l), ce Wf,M)}
as memory partitions. Given a partition index

m € {1,..., M}, the partitioned FFN output is

FEN(™(h) = o(hTW},) W{™). (8)

During both editing and inference, each in-scope
query activates only one partition ng), localizing
gradient updates to a small subset of the value space

and thereby limiting interference across edits.

Manifold-based partitioning. To automatically
determine which edits should share a partition,
we perform unsupervised clustering on the ad-
dressing manifold learned in Stage I. Concretely,
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we first apply UMAP (Mclnnes et al., 2018) to
project the SBERT embeddings {g(z;)} to a lower-
dimensional space while approximately preserving
neighborhood structure, and then run the density-
based clustering algorithm HDBSCAN (Mclnnes
et al., 2017) to discover coherent clusters without
pre-specifying the number of partitions.

Let Cy,...,Cys denote the clusters returned by
HDBSCAN (optionally merging clusters below
a small-size threshold). We establish a one-to-
one correspondence by assigning each cluster C,,
to a dedicated value matrix W{™. For an in-
scope query x, we assign it to a cluster (e.g., via
HDBSCAN labeling for stored edits, and nearest-
centroid/nearest-neighbor assignment in the pro-
jected space for new queries), and activate the cor-

),

responding partition W

By confining updates for queries in C,, to ng),
PMS encourages edits from different clusters to
occupy disjoint parameter subspaces. As a result,
cross-partition interference is reduced, and DKME
maintains more stable performance as the edit scale
increases under both multi-domain and associated-

fact settings (Figure 1(a.1)—(a.2)).

S Experiments

In this section, we conduct experiments to an-
swer the following research questions: RQ1: How
does DKME compare with baselines under multi-
domain and associated-fact settings? RQ2: How
do different stages of DKME contribute to its over-
all performance? RQ3: How sensitive is DKME
to different hyper-parameter settings?

5.1 Experimental Settings

Datasets and Models For the multi-domain set-
ting, we conduct experiments on HalluEditBench
(Huang et al., 2024a) and CKnowEdit (Fang et al.,
2025a). HalluEditBench comprises real-world hal-
lucinations spanning nine diverse domains and is
used to evaluate DKME’s capability in correct-
ing factual hallucinations. Following Huang et al.
(2024a), we select hallucinations generated by
LLaMA3-8B-Instruct across all nine domains as
the editing data. Similarly, CKnowEdit encom-
passes various types of Chinese linguistic knowl-
edge. Following Fang et al. (2025a), we select
three types, namely Classical Chinese, Pinyin, and
Logic Error, that include locality queries to eval-
uate the trade-offs involved in DKME. For the
associated-fact setting, we conduct experiments on

WikiData gunterfact (Zhang et al., 2024) to evaluate
the ripple effect of knowledge editing. Based on
the language of each dataset, we select representa-
tive mainstream autoregressive LLLMs for evalua-
tion: LLaMA3.2-3B for the English datasets Hal-
IuEditBench and WikiDatacounterfact, and Qwen2.5-
1.5B for the Chinese dataset CKnowEdit. See Ap-
pendix B.1 for dataset statistics and editing exam-
ples, and Appendix B.3 for implementation details.

Evaluation Following Wang et al. (2024a), we
adopt an exact match to evaluate the baselines
and DKME. As described in Section 3, all three
benchmarks adopt Rel., Gen., Loc., and Avg. as
evaluation metrics. In particular, to ensure a fair
evaluation in the multi-domain setting (HalluEd-
itBench & CKnowEdit), we employ an average
sampling strategy to distribute edit instances across
domains. Specifically, given an edit instance x;
and the total number of edits 7', we assign x; to the
(¢ mod K') + 1}-th domain group as follows:

T, — Q(l mod K)+15 1= O, 1, ceey (T — 1) (9)

Here, K denotes the total number of domains in
the benchmark, and © — (-) presents the sample
reflection between the edit z and the domain G.

Baselines The baselines include three categories
with a total of eight methods: (1) Fine-tuning: FT-
L (Meng et al., 2022), FT-M (Zhang et al., 2024).
(2) Locate-then-edit: ROME (Meng et al., 2022),
MEMIT (Meng et al., 2023), EMMET (Gupta
et al., 2024), AlphaEdit (Fang et al., 2025b). (3)
Memory-based: GRACE (Hartvigsen et al., 2023),
WISE (Wang et al., 2024a). Details on all compar-
isons are found in Appendix B.2.

5.2 Main Results (RQ1)
5.2.1 Performance on Multi-Domain Editing

Obs 1: DKME achieves superior and consis-
tently stable performance in multi-domain set-
tings. As shown in Tables 2 and 3, DKME
achieves the best and most stable overall trade-
off across both benchmarks. On HalluEditBench,
DKME consistently attains the highest Avg. scores
under all editing scales T € {60, 100, 500, 1000},
exhibiting only a mild degradation as 7" increases,
which indicates strong long-term editing stabil-
ity. In contrast, EMMET and AlphaEdit re-
main competitive at small editing scales but suf-
fer from pronounced performance degradation un-
der large-scale edits, while ROME and MEMIT
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T = 60 T = 100 T = 500 T = 1000

Rel.+ Gen.? Loc.T Avg.T Rel.T Gen.T Loc.T Avg.T Rel.T Gen.t Loc.T Avg.T Rel.T Gen.T Loc.T Avg. T
FT-L 0.064 0.025 0.000 0.030 0.037 0.005 0.000 0.014 0.027 0.020 0.000 0.016 0.023 0.021 0.000 0.015
FT-M 0925 0.872 0220 0.672 0927 0.865 0222 0.671 0.896 0.802 0259 0.652 0.819 0711 0.241 0.590
ROME 0.146  0.146  0.031 0.108 0.073 0.057 0.004 0.045 0.007 0.007 0.001 0.005 0.006 0.004 0.001 0.004
MEMIT 0.141 0.209 0.046 0.132 0.000 0.000 0.023 0.008 0.001 0.002 0.004 0.002 0.000 0.000 0.026 0.009
EMMET 0957 0.793 0.514 0.755 0911 0.809 0442 0.721 0717 0.691 0.216 0.541 0237 0.275 0.059 0.190
AlphaEdit 0.950 0.904 0.331 0.728 0910 0.875 0.331 0.705 0.788 0.756 0.254 0.599 0.528 0.588 0.203 0.440
GRACE 0329 0.300 1.000 0.543 0371 0319 1.000 0.563 0401 0329 1.000 0577 0402 0331 1.000 0.578
WISE 0.542 0350 0.810 0.567 0.604 0365 0.799 0.589 0.464 0348 0.888 0.567 0412 0340 0910 0.554
DKME™ 0969 0.748 0933 0.883 0956 0.790 0869 0.872 0.926 0.738 0.846 0.837 0.923 0.718 0.834 0.825

Table 2: Main editing results for multi-domain setting (HalluEditBench). Bold is the best result. 1 Indicates that
higher values are better. 7: Num Edits. Edit LLM: LLaMA3.2-3b.

T = 60 T = 100 T = 200 T = 400

Rel.1 Gen.T Loc.T Avg.T Rel.t Gen.T Loc.t Avg.T Rel.T Gen.? Loc.T Avg.? Rel.? Gen.T Loc.T Avg. T
FT-L 0.205 0223 0.172 0200 0.193 0.188 0.193 0.191 0.171 0.154 0.143 0.156 0.128 0.114 0.102 0.115
FT-M 0.656 0.611 0.148 0472 0.611 0559 0.183 0451 0.583 0536 0.184 0434 0.573 0.507 0.208 0.429
ROME 0.029 0.024 0.016 0.023 0.042 0.044 0.051 0.046 0.055 0.056 0.045 0.052 0.026 0.034 0.016 0.025
MEMIT 0.517 0504 0.568 0.530 0.481 0441 0.540 0487 0310 0.332 0375 0.339 0.104 0.112 0.115 0.110
GRACE 0474 0440 1.000 0.638 0474 0422 1.000 0.632 0474 0426 1.000 0.633 0469 0425 1.000 0.631
WISE 0.802 0.757 0449 0.669 0.803 0.740 0452 0.665 0.746 0.673 0449 0.623 0.649 0585 0467 0.567
DKME* 0.817 0.768 0.491 0.692 0.823 0.758 0.476 0.686 0.809 0.707 0.455 0.657 0.814 0.617 0472 0.634

Table 3: Main editing results for multi-domain setting (CKnowEdit). Bold is the best result. 1 Indicates that higher
values are better. 7": Num Edits. Edit LLM: Qwen2.5-1.5b.

nearly fail when 7" > 500. A closer inspection
of individual metrics reveals that DKME main-
tains very high Rel. (0.92-0.97) and strong Loc.
(0.83-0.93), while preserving a competitive level
of Gen., thereby achieving a more favorable bal-
ance among the three properties. By comparison,
although GRACE reaches an ideal locality score
(1.0), its Rel. and Gen. are severely constrained,
resulting in inferior overall Avg. performance. Sim-
ilarly, on CKnowEdit, DKME again achieves the
highest Avg. under all 7' € {60,100, 200,400},
while consistently maintaining the best Rel. and
Gen. scores. Overall, these results demonstrate that
DKME more effectively suppresses cross-domain
interference in multi-domain settings, enabling a
more robust trade-off among Rel., Gen., and Loc.

5.2.2 Performance on Associated-Fact Editing

Obs 2: DKME effectively mitigates the struc-
tural conflict between associated fact propaga-
tion and locality preservation under associated-
fact editing. As shown in Table 4, DKME
achieves the best overall performance across all
editing scales 7' € {60,100, 300,500}, indicat-
ing its ability to maintain a more robust balance
among target fact injection, associated fact rea-
soning, and the preservation of unrelated knowl-
edge. Specifically, DKME achieves Avg. scores of
0.662/0.716/0.694/0.678 at the four editing scales
and retains a clear advantage even under the more
challenging settings of 7" = 300 and T" = 500.

In contrast, AlphaEdit and EMMET exhibit rela-
tively strong Rel./Gen. performance at small edit-
ing scales, but suffer from limited Loc. and degra-
dation as 7" increases. WISE shows an opposite
trend: although its Loc. improves with larger T, its
Rel. and Gen. decline, constraining the Avg. score
to approximately 0.447. While GRACE maintains
an ideal Loc. of 1.0, its relatively low Rel./Gen.
results in an Avg. of around 0.49, which is insuffi-
cient for effective associated knowledge transfer.

5.3 Ablation Study (RQ2)

Table 5 reports ablation results for DKME. Imple-
mentation details are in Appendix B.4.

Obs 3: Decoupled addressing with partitioned
storage is crucial for stable lifelong editing. Re-
moving DSA ("w/o DSA") causes a drastic lo-
cality drop, indicating that scope-aware address-
ing is essential to avoid unintended activation of
edited memory on out-of-scope queries; weak-
ening fact-aware addressing ("w/o Lg;s" or "w/
frozen SBERT") consistently degrades the over-
all trade-off. On the storage side, replacing PMS
with shared storage ("w/o PMS") significantly im-
pacts Rel./Gen., indicating that partitioned updates
are crucial for mitigating cross-edit interference.
Moreover, fixed or random partitioning ("w/ fixed
partition", "w/ random partition assignment") and
removing manifold reduction ("w/o UMAP") un-
derperform DKME, supporting the importance of
data-adaptive, manifold-aware partition discovery.
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T = 60 T = 100 T = 300 T = 500

Rel.+ Gen.? Loc.T Avg.T Rel.T Gen.T Loc.T Avg.T Rel.T Gen.t Loc.T Avg.T Rel.T Gen.T Loc.T Avg. T
FT-L 0.111  0.040 0.015 0.055 0.013 0.003 0.005 0.007 0.023 0.010 0.001 0.011 0.031 0.017 0.003 0.017
FT-M 0.829 0.520 0.038 0462 0.749 0.544 0.092 0462 0.687 0478 0.053 0406 0.629 0.462 0.053 0.381
ROME 0.026  0.010 0.005 0.014 0.048 0.021 0.000 0.023 0.032 0.010 0.000 0.014 0.009 0.001 0.001 0.004
MEMIT 0.619 0.257 0381 0419 0674 0295 0297 0422 0.015 0.006 0.012 0.011 0.000 0.000 0.002 0.001
EMMET  0.887 0406 0.297 0.530 0.863 0434 0.288 0.528 0.734 0404 0.182 0440 0571 0.297 0.145 0.338
AlphaEdit 0915 0.533 0.206 0.551 0921 0.547 0.158 0.542 0.892 0.507 0.162 0.520 0.572 0.294 0.157 0.341
GRACE 0.269 0.200 1.000 0490 0262 0.214 1.000 0.492 0298 0.212 1.000 0503 0.290 0205 1.000 0.498
WISE 0.741 0493 0.237 0490 0.632 0.334 0496 0487 0447 0373 0594 0471 0276 0244 0.820 0.447
DKME* 0914 0.349 0.723 0.662 0.922 0469 0.757 0716 0.904 0.457 0.722 0.694 0.856 0.420 0.757 0.678

Table 4: Main editing results for associated-fact setting (WikiDatacounterfact)- Bold is the best result. 1 Indicates that
higher values are better. 7: Num Edits. Edit LLM: LLaMA3.2-3b.
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Figure 3: Sensitivity of DKME to the boundary threshold 7 across three benchmarks. The optimal Avg. trade-off is

achieved at different 7 values for different datasets.

Finally, alternative routers ("w/ MLP router", "w/
distance-constrained router") are inferior to the de-
fault clustering-based routing, with the hard dis-
tance constraint harming locality.

Variant Rel.T Gen.T Loc.t Avg.t AAvg.
DKME 0.923 0.718 0.834 0.825 -
Ablations on Stage I: Decoupled Semantic Addressing

w/o DSA 0.885 0.698 0.276 0.620 10205
wio Lais 0.906 0.701 0.639 0.749 0.076
w/ frozen SBERT 0.905 0.695 0.590 0.730 0.095
Ablations on Stage 1I: Partitioned Memory Storage

w/o PMS 0.664 0.515 0.817 0.665 | 0.160
w/ fixed partition 0911 0.704 0.813 0.809 0.016
w/ random partition assignment  0.700 0.540 0.790 0.677 | 0.148
w/o UMAP 0.890 0.670 0.795 0.785 0.040

Ablations on Router
w/ MLP router 0.784 0.603 0.822 0.736
w/ distance-constrained router ~ 0.753  0.659 0.326 0.579

0.089
0.246

Table 5: Ablation study with 1000 edits on HalluEdit-
Bench using LLaMA3.2-3B. Bold is the best result. T
indicates that higher values are better. AAvg. reports
the performance drop relative to DKME, with Color
intensity indicating larger drops via darker shades.

5.4 Sensitivity Analysis (RQ3)

Effect of 7 We set 7 to 0.85 on HalluEdit-
Bench, 0.80 on WikiData gunterfact, and 0.70 on
CKnowEdit, achieving Avg. of 0.825/0.678/0.634
(Figure 3). The optimal 7 varies across bench-
marks: a higher 7 applies stricter scope filtering
(favoring Loc.), whereas a lower 7 increases edit ac-
tivation and may improve Rel./Gen. when in-scope
queries exhibit weaker similarity to prior edits.

Insertion positign of

0.6

Score

0.4+

0.2+

R R T R R R R
01 23456 7 8 91011 1213141516 17 18 19 20 21 22 23 24 25 26 27
Layer

Figure 4: Performance of DKME on different lay-

ers of LLaMA3.2-3B under 500 edits. Dataset:
HalluEditBench.
Localization Analysis Figure 4 reports DKME

performance across different layers of LLaMA3.2-
3B on HalluEditBench. Mid-to-upper layers (17-
23) perform best, with layer 19 achieving the high-
est score. Lower layers show weaker editability,
whereas upper layers incur more interference near
the output, consistent with prior findings that fac-
tual knowledge is most effectively edited in mid-to-
upper transformer blocks (Yao et al., 2024).

6 Conclusion

We study lifelong knowledge editing and identify
memory entanglement in memory-based editors as
a key factor contributing to catastrophic forgetting
in multi-domain and associated-fact edit streams.
We propose DKME, which decouples addressing
from storage via fact-aware semantic addressing
and partitioned memory storage. Experiments on
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three benchmarks show that DKME improves the
trade-off among reliability, generalization, and lo-
cality compared to baselines, and remains more
stable as the edit scale increases.

Limitations

DKME trades additional complexity for improved
stability in lifelong editing. Its partitioned mem-
ory introduces extra storage overhead and, under
very long edit streams, the number of maintained
partitions may become a scalability bottleneck, mo-
tivating future work on merging, pruning, or recy-
cling partitions. DKME also relies on an external
addressing encoder and manifold-based clustering,
whose scope discrimination and partition assign-
ment can be sensitive when edits are highly am-
biguous or weakly separable; moreover, clustering
behavior may vary across datasets and hyperpa-
rameter settings. Furthermore, our experiments
focus on factual updates and primarily evaluate
stability in terms of reliability, generalization, and
locality; broader capabilities, such as multi-hop
reasoning after edits, are not explicitly assessed. Fi-
nally, our evaluation focuses on a limited range of
backbone sizes and architectures; extending valida-
tion to larger models and alternative architectures
constitutes an important direction for future work.
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Appendix

In the Appendix, we introduce more details along
with experimental setups, additional experimental
results, and related works:

» Appendix A: More Related Works.
» Appendix B: More Experimental Setups.
* Appendix C: More Experimental Results.

A More Related Works
A.1 Evaluating Knowledge Editing

Recent advances have introduced a variety of
benchmarks to assess the effectiveness of knowl-
edge editing. KnowEdit (Zhang et al., 2024) pro-
vides a unified benchmark encompassing various
knowledge editing tasks. HalluEditBench (Huang
et al., 2024a) comprehensively evaluates editors
on real-world hallucinations across nine domains.
Moreover, complementary benchmarks such as
CKnowEdit (Fang et al., 2025a), MQuAKE (Zhong
et al., 2023, 2025) extend the evaluation to Chinese
knowledge and multi-hop reasoning.

A.2 Continual Learning

Continual Learning (CL) aims to mitigate catas-
trophic forgetting when models acquire new knowl-
edge (Shi et al., 2025), and continual fine-tuning
has been widely studied as a means of iteratively
updating LLMs (Lin et al., 2022). However, classi-
cal CL techniques such as Elastic Weight Consol-
idation (Kirkpatrick et al., 2017) and Experience
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Replay (Rolnick et al., 2019) still incur degradation
on earlier tasks when used to regularize fine-tuning
(Wu et al., 2025). These limitations, together with
the non-uniform distribution of edits, distinguish
knowledge editing from conventional continual
fine-tuning (Henn et al., 2021). Key—value mem-
ory methods, first introduced in computer vision
(Liu et al., 2021) for their robustness to distribu-
tional shifts (Trauble et al., 2023), have since been
adapted to question answering (Zheng, 2022) and
hallucination (Hartvigsen et al., 2023), providing
an effective mechanism for augmenting LLMs with
external memory.

B More Experimental Setups

B.1 Datasets

Dataset statistics are summarized in Table 6.

HalluEditBench (Huang et al., 2024a) To ad-
dress the fundamental gap in evaluating knowl-
edge editing on actual hallucinated responses,
Huang et al. (2024a) introduces HalluEditBench,
a benchmark constructed from verified hallucina-
tions of LLMs. Unlike prior datasets, it ensures
the pre-edit model responses are hallucinated. The
dataset is built from Wikidata by collecting fac-
tual triplets across 9 domains and 26 topics, and
then identifying hallucinations from three LLMs.
We select the LLaMA3-8b sub-dataset and prepro-
cess the data such that each instance includes an
edit statement (corresponding to the key subject,
question, and object in HalluEditBench),
generalization prompts (paraphrased_question,
reversed_relation_question, yes_question,
and no_question), and one locality prompt
(locality_question). For locality, we evalu-
ate by comparing the semantic similarity between
the answers before and after editing. Figure 10
presents a single editing instance of HalluEdit-
Bench.

CKnowEdit (Fang et al., 2025a) To address the
challenges LLMs face in handling Chinese-specific
knowledge, Fang et al. (2025a) uses CKnowZEdit,
the first Chinese knowledge editing benchmark.
It contains edits across seven knowledge types,
covering linguistic, factual, and logical errors.
The dataset targets difficult phenomena in Chi-
nese, such as polyphony, antithesis, and logical
structures, offering a comprehensive basis to
evaluate and improve LLMs’ Chinese knowledge
editing capabilities.  Due to the challenges

involved in constructing valid locality sets for
knowledge types such as Ancient Poetry, Proverbs,
Idioms, and Facts (Fang et al., 2025a), locality
annotations are not provided for these categories.
Accordingly, we select three subsets of knowledge
types—classical_chinese_results_reviewed,

phonetic_notation_results_reviewed, and
ruozhiba—and extract the fields prompt,
target_old, target_new, locality, and

rephrase to construct each data instance. Fig-
ure 11 presents a single editing instance of
CKnowEdit.

WikiData gunterfact (Zhang et al., 2024) Since
tail entities are often not memorized by language
models and are therefore unsuitable for evaluat-
ing knowledge editing, Cohen et al. (2024) fo-
cuses on factual triplets involving popular enti-
ties—where the subject appears among the top-
viewed Wikipedia pages. The dataset contains
manually altered object values to create coun-
terfactual facts. It is widely used to evaluate
whether editing methods can inject or override
prominent factual knowledge. We construct each
editing instance using the fields subject, prompt,
target_new, ground_truth, portability, and
locality. Figure 12 presents a single editing in-
stance of WikiDataounterfact-

B.2 Baselines
B.2.1 FT-L (Meng et al., 2022)

Except for a single MLP layer, all other layers re-
main frozen. The MLP layer is fine-tuned using an
autoregressive loss (Meng et al., 2022). To prevent
the parameters from deviating excessively from the
pretrained distribution, we further introduce an L
norm constraint to effectively control the magni-
tude of parameter updates. This method uses the
prediction of the last token to maximize the proba-
bility of all tokens in the target sequence, thereby
deviating from the original fine-tuning objective.

B.2.2 FT-M (Zhang et al., 2024)

FT-M utilizes the same FFN layer as FT-L. During
training, it masks the original text and computes
the cross-entropy loss (Zhang et al., 2024) on the
target answer, thereby aligning more closely with
the objective of traditional fine-tuning.

B.2.3 ROME (Meng et al., 2022)

ROME is a parameter-editing technique that di-
rectly modifies the weights of a pretrained lan-
guage model to inject or correct specific factual

16140



Setting Dataset Language Task Model pre-edit T
Multi-Domain  HalluEditBench English ~ Hallucination LLaMA3.2-3B 0.312/0.331 1000
Multi-Domain ~ CKnowEdit Chinese Linguistics Qwen2.5-1.5B 0.431/0.425 400
Associated-Fact ~ WikiDatacounterfact English Counterfact ~ LLaMA3.2-3B 0.212/0.196 500

Table 6: Dataset statistics for main results. pre-edit reports the unedited model performance (Rel./Gen.). T' denotes

the number of edits.

knowledge. It operates by identifying a key-
value pair within the model’s feedforward lay-
ers—particularly in the MLP of the transformer
block—corresponding to the factual association be-
ing edited. ROME locates the most influential layer
and performs a rank-one update on the weights,
effectively altering the model’s internal representa-
tions without fine-tuning.

B.24 MEMIT (Meng et al., 2023)

MEMIT assumes that the FFN functions as a knowl-
edge key-value store and directly modifies the pa-
rameters of specific layers via least-squares approx-
imation. Unlike ROME, which updates a single
layer, MEMIT is a multi-layer update algorithm
that supports simultaneous editing of hundreds or
even thousands of facts.

B.2.5 EMMET (Gupta et al., 2024)

EMMET is a newly proposed batched model edit-
ing method that aims to unify ROME and MEMIT.
It efficiently injects new knowledge while preserv-
ing the model’s original information by optimiz-
ing the preservation-memorization objective under
equality constraints.

B.2.6 AlphaEdit (Fang et al., 2025b)

AlphaEdit is an efficient knowledge editing method
for language models, which mitigates interference
with preserved knowledge by projecting the edit-
ing perturbation into its null space. Built upon
the locate-then-edit framework (Meng et al., 2022,
2023), it significantly improves editing perfor-
mance by adding only a single line of projection
code to existing methods.

B.2.7 GRACE (Hartvigsen et al., 2023)

GRACE adopts a discrete KEY-VALUE codebook
and maintains it throughout editing by adding, ex-
panding, and splitting KEYs. During inference, it
retrieves the nearest KEY and determines whether
to replace the activation of the hidden layer output.

Hyperparameters Values

batch_size g
i . margin
SBERT Fine-tuning |, arl%ing_rate 2
warmup_ratio 0.1
weight_decay  0.01
FFN Training gdiﬁér 710
n_neighbors 5
UMAP miin. dist o
n_components 30
min_cluster_size 10
HDBSCAN RS [

Table 7: DKME hyperparameter settings.

B.2.8 WISE (Wang et al., 2024a)

WISE proposes a dual-memory architecture that
separates the model’s main memory (storing pre-
trained knowledge) from the side memory (storing
edited knowledge). New or updated knowledge is
written exclusively to the side memory. For each
query, a learned routing module dynamically deter-
mines whether to access the main or side memory.

B.3 Implementation Details

All experiments are conducted on a single NVIDIA
A40 48G GPU with sequence editing size 1, and all
methods are implemented using EasyEdit' (Wang
et al., 2024b). We generally follow the settings
used in prior work and describe adaptations
made for our study. For locate-then-edit, we
follow causal tracing as in the original papers to
identify the target layers. Specifically, ROME and
EMMET target layer [5], while MEMIT and Al-
phaEdit operate on layers [4,5,6,7,8]. All four
methods require preprocessing of the Wikipedia
corpus. Due to limited available resources,
we follow Meng et al. (2022, 2023) and use
wikipedia_20200501.en 2 for English datasets,
on which the required statistics for LLaMA3.2-3b
over layers [4,5,6,7,8] are computed. Similarly,

1https: //github.com/zjunlp/EasyEdit
2ht’cps: //huggingface.co/datasets/SamuelYang/
wikipedia_20200501.en
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we collect wikipedia_20231101.zh 3 for Chinese
dataset and compute statistics for Qwen2.5-1.5b
over layers [4, 5, 6, 7, 8]. The preprocessing
batch size is uniformly set to 10. For both fine-
tuning and memory-based, the default editing
layers for LLaMA3.2-3b and Qwen?2.5-1.5b are set
to model.layers[19].mlp.down_proj.weight
and model.layers[22].mlp.down_proj.weight,
respectively. According to Table 8, the default
editing layer for DKME in LLaMA3.2-3b is set
to model.layers[19].mlp.down_proj.weight.
The editing layer for Qwen2.5-1.5B is set to
model.layers[22].mlp.down_proj.weight,
consistent with Dbaselines. The remaining
hyperparameters are listed in Table 7.

Layer Rel.T Gen.T Loc.1 | Avg. T
0 0592 0417 0.804 | 0.604
1 0.719 0.374 0.800 | 0.631
2 0.833 0.624 0.828 | 0.762
3 0.800 0.607 0.821 | 0.743
4 0878 0.667 0.833 | 0.793
5 0.821 0.617 0.818 | 0.752
6 0792 0593 0.824 | 0.736
7 0797 0589 0.824 | 0.737
8 0.786 0.577 0.825 | 0.729
9 0767 0567 0.826 | 0.720
10  0.756 0.522 0.817 | 0.698
11 0.802 0.592 0.826 | 0.740
12 0.829 0.609 0.834 | 0.757
13 0857 0.657 0.827 | 0.780
14 0.895 0.689 0.829 | 0.804
15 0875 0.690 0.836 | 0.800
16 0910 0.712 0.835 | 0.819
17 0917 0.724 0.842 | 0.828
18 0.931 0.722 0.845 | 0.833
19 0926 0.738 0.846 | 0.837
20 0913 0.723 0.844 | 0.827
21 0930 0.724 0.850 | 0.835
22 0909 0.728 0.855 | 0.831
23 0.893 0.705 0.852 | 0.817
24 0.866 0.675 0.843 | 0.795
25 0.737 0.571 0.823 | 0.710
26  0.687 0.545 0.818 | 0.683
27  0.595 0467 0.808 | 0.623

Table 8: Performance of DKME on different layers
of LLaMA3.2-3B under 500 edits. Bold is the best
result. The visualization is shown in Figure 4. Dataset:
HalluEditBench.

B.4 Implementation Details for Ablations

In Section 5.3 and Table 5, each variant modifies
only the specified component; all other settings
follow DKME.

w/o DSA. We remove Stage I and disable scope
gating.

w/o Lgis. We keep Stage I but remove the dis-
criminative triplet objective; g(-) is still finetuned
using only fact-equivalent positives.

3https ://huggingface.co/datasets/wikimedia/
wikipedia/tree/main/20231101.zh

w/ frozen SBERT. We keep the same Stage I
routing pipeline but freeze ¢(-) (no finetuning), per-
forming routing in the original SBERT embedding
space.

w/o PMS. We replace partitioned storage with a
single shared memory module, where all in-scope
edits update the same trainable value matrix.

w/ fixed partition. We replace HDBSCAN with
KMeans++ to obtain X clusters, where X matches
the number of partitions used by DKME; queries
are assigned by nearest centroid, and each cluster
is mapped to one memory partition.

w/ random partition assignment. We keep the
same number of partitions as DKME but assign
each in-scope query to a partition uniformly at ran-
dom.

w/o UMAP. We remove UMAP and perform
partition discovery directly on SBERT embeddings.

w/ MLP router. We replace the default router
with a single-layer MLP that maps g(x) to a rout-
ing decision, while preserving the same memory
insertion and update mechanism.

w/ distance-constrained router. We re-
place DKME’s routing with a distance-regularized
scheme (Wang et al., 2024a), where an auxiliary
Euclidean-distance constraint in the addressing
space is introduced during memory updating to
bias routing assignments. This variant couples rout-
ing with writing by optimizing routing behavior in
conjunction with memory updates.

C More Experimental Results

C.1 Motivating Results of Memory-Based
Editor

C.1.1 Catastrophic Forgetting Analysis

Catastrophic forgetting is a common challenge in
continual learning (Shi et al., 2025; De Lange et al.,
2021). Here, we examine whether memory-based
editors also suffer from forgetting when edits accu-
mulate under semantically complex lifelong knowl-
edge editing streams.

(a) Experimental setup. We perform 500 se-
quential edits on the semantically complex bench-
mark HALLUEDITBENCH (Huang et al., 2024a).
After each edit step, we report two evaluations: (1)
Current Evaluation, which measures the reliabil-
ity on the current edit instance; and (2) Cumulative
Evaluation, which aggregates reliability and gen-
eralization over all edits completed up to that step.
The cumulative evaluation reflects the editor’s re-
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tention behavior and stability as the edit stream
grows.

(b) Results. Figure 1(b.1) shows that the editor
achieves high reliability on the current edit at most
steps. In contrast, Figure 1(b.2) shows that the cu-
mulative performance over previously edited facts
declines markedly as edits accumulate. Reliabil-
ity and generalization exhibit similar degradation
trends, indicating substantial forgetting in long edit
streams.

C.1.2 Weight Drift Analysis

In lifelong settings, continuously incorporating new
facts can be accompanied by progressive changes in
the editor’s trainable parameters, i.e., weight drift
(Masana et al., 2022). We further investigate the
parameter dynamics of a representative memory-
based editor under semantically complex continual
editing.

(a) Experimental setup. We monitor the side
memory parameters of WISE (Wang et al., 2024a)
and visualize their evolution using WandB.* Fol-
lowing prior practice, we use matrix norms to
quantify parameter variation (Gupta et al., 2025;
Huang et al., 2024b; Mehmeti-Gopel and Wand,
2024). Specifically, we track (i) the relative Frobe-
nius norm change with respect to the initial side-
memory weights, and (ii) the spectral and nuclear
norms, which capture the maximum amplification
factor and the overall magnitude/complexity of the
weight matrices, respectively. We run 1000 sequen-
tial edits and record the above metrics after each
edit.

(b) Results. As shown in Figure 1(b.3)—(b.4), the
side-memory weights exhibit substantial drift as
the number of edits increases. After 1000 edits,
the relative Frobenius norm change reaches up to
218.25%. Meanwhile, the spectral norm increases
from 20 to 65, and the nuclear norm increases from
5000 to 9500. These results suggest that, without
explicit mechanisms to constrain cross-edit inter-
ference, memory-module parameters can progres-
sively deviate during lifelong editing, which is con-
sistent with the observed cumulative performance
degradation.

C.2 Visualization of Finetuning SBERT

This section visualizes how finetuning the address-
ing encoder ¢(-) alters the embedding space used

*https://wandb.ai/

for routing in Stage I (Section 4.1). We train four
variants of g(-) on held-out HalluEditBench subsets
(disjoint from evaluation edits) with different edit-
stream sizes: Small-Data (Scale=100), Medium-
Data (Scale=500), Large-Data (Scale=1000),
and Full-Data (Scale=2000). For each anchor
query 2", we pair fact-equivalent queries as pos-
itives xP% (paraphrases/portability prompts when
available) and use fact-mismatched locality queries
as hard negatives x"°¢, consistent with our triplet
construction.

UMAP projection. Figure 5 visualizes the em-
bedding geometry by projecting the resulting rep-
resentations to 2D with UMAP for display. Com-
pared with the baseline SBERT encoder, finetuning
progressively sharpens the separation between fact-
equivalent samples and fact-mismatched locality
samples as Scale increases, yielding clearer neigh-
borhoods that better align with the intended edit
scope.

Similarity distribution. Figure 6 further quan-
tifies this effect via the distribution of cosine sim-
ilarities. As training data increases, the similarity
between 2" and 2P becomes more concentrated
at higher values, while the similarity between z*"
and x"°8 shifts lower with reduced overlap. This
widening gap indicates improved discriminability
in the addressing space, which directly benefits
threshold-based scope gating by making in-scope
and out-of-scope regions easier to separate.

C.3 Cluster Analysis of DKME

To understand why DKME adopts
UMAP+HDBSCAN for partition discov-
ery in Stagell, we analyze how manifold
reduction influences unsupervised clustering
on the addressing embeddings. We construct
three five-domain subsets from HalluEditBench
by sampling 50 queries per domain (250 total):
Group 1 (Health, Technology, Art, History,
Geography), Group 2 (Writer, Corporation, Anime,
Medication, Landmark), and Group 3 (Film,
Database, Glacier, Entrepreneur, Symptom).
We compute SBERT embeddings (384-d) and
compare two pipelines: (i) SBERT—HDBSCAN
(direct clustering in the original space), and (ii)
SBERT—UMAP(50D)—~HDBSCAN (clustering
after UMAP reduction to 50 dimensions). For
visualization, both representations are further
projected to 2D with UMAP; points are colored by
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Figure 5: UMAP visualization of the addressing space before and after finetuning ¢(-) on HalluEditBench subsets
of different sizes. 2D UMAP projections of embeddings produced by the baseline SBERT and finetuned variants
under different data scales (Small-Data / Medium-Data / Large-Data / Full-Data). Points correspond to anchors z,
fact-equivalent positives @ gen, and fact-mismatched locality negatives Ziqc.

domain or cluster assignment, and gray indicates
HDBSCAN noise (cluster id —1).

Across all three groups, the UMAP-reduced
space exhibits visibly clearer inter-domain bound-
aries and substantially fewer ambiguous points
in the 2D projections (Figures 7-9).  This
visual separation is consistently reflected in
quantitative improvements reported in Table 9:
UMAP(50D)+HDBSCAN markedly increases
clustering alignment with ground-truth domain la-
bels, with ARI improving from 0.314 to 0.624 in
Group 1, from 0.037 to 0.558 in Group 2, and from
0.496 to 0.808 in Group 3, alongside correspond-
ing gains in NMI. At the same time, the number of
noise points is dramatically reduced (e.g., 126—19
in Group 1 and 164—37 in Group 2), indicating
more confident and stable cluster assignments.

Taken together, the visualizations and metrics
suggest that UMAP sharpening improves the sepa-
rability of the addressing manifold, enabling HDB-
SCAN to recover domain-consistent partitions with
fewer outliers and more coherent cluster struc-
ture. This supports the use of UM AP-based man-

ifold clustering for reliable partition discovery in
DKME.
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Figure 6: Cosine-similarity distributions before/after SBERT finetuning. KDE (Kernel Density Estimation) plots of
cos(g(xe), g(@gen)) and cos(g(ze), g(z10c)) under different data scales. As Scale increases, the two distributions
separate with less overlap, suggesting improved discriminability for threshold-based scope routing.

Group Pipeline ARIT NMIT #Clusters #Noisel
Gl Direct HDBSCAN 0.314 0.498 2 126
UMAP(50D)+HDBSCAN 0.624 0.795 6 19
G2 Direct HDBSCAN 0.037 0.121 2 164
UMAP(50D)+HDBSCAN 0.558 0.708 6 37
G3 Direct HDBSCAN 0.496 0.699 4 77
UMAP(50D)+HDBSCAN 0.808 0.862 6 11

Table 9: Clustering quality on three five-domain subsets (250 queries each). UMAP-based clustering consistently
improves alignment with domain labels (ARI/NMI) and reduces noise points.
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Figure 7: Cluster analysis (Group 1: Health, Technology, Art, History, Geography). Top: clustering after UMAP
reduction to 50 dimensions. Bottom: direct clustering in the original embedding space. (a,c) visualize domain
labels; (b,d) visualize HDBSCAN clusters.
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Figure 8: Cluster analysis (Group 2: Writer, Corporation, Anime, Medication, Landmark). Top: clustering
after UMAP reduction to 50 dimensions. Bottom: direct clustering in the original embedding space. (a,c) visualize
domain labels; (b,d) visualize HDBSCAN clusters.
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Figure 9: Cluster analysis (Group 3: Film, Database, Glacier, Entrepreneur, Symptom). Top: clustering after
UMAP reduction to 50 dimensions. Bottom: direct clustering in the original embedding space. (a,c) visualize
domain labels; (b,d) visualize HDBSCAN clusters.
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{
"subject": "antibiotic",
"prompt": "What does antibiotic have characteristic?",
"target_new": "antibiotic resistance",
"hallucinate": "Selective toxicity",
"locality™: {
"prompt": "What is a common use of antibiotics in medicine?"
2
"generalization™: {
"rephrase: [
{
"prompt": "What characteristic is associated with antibiotics?",
"ground_truth": "antibiotic resistance"

¥
1
"reversed": [
{
"prompt": "What has the characteristic of antibiotic resistance?"”,
"ground_truth": "antibiotic"
¥
I
"yes_question™: [
{
"prompt": "Does an antibiotic have the characteristic of antibiotic resistance?",
"ground_truth": "Yes"

}
1
"no_question™: [
{
"prompt": "Does an antibiotic have the characteristic of selective toxicity?",
"ground_truth": "No"
¥
]
}
}

Figure 10: An editing dataset example from HalluEditBench.
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“prompt”: "R AE B TR A R AR i R BN, B AR A
Please explain the meaning of the character ‘#" in the phrase "B TR,
Only provide the meaning of the character; no need to interpret the entire sentence.
“target_old": "H{EIX AR IRWANIEDS, FORMIERRZEBZHEFR R TR, MRS, fln, AR TR sE” . o
"#" here indicates the passive voice, meaning that the subject receiving or being affected by the action is ' F3&#" (i.e., someone or something in the afterlife).
For example, "This plan is implemented by the afterlife.’
“target_new": "SI,
influenced
"locality": [

“prompt”: "R AR 1 ILEE, SETRES . AR iz e, e R
Please explain the meaning of the character '#" in the phrase {57 B8, B .
Only provide the meaning of the character; no need to interpret the entire sentence.

“"answer'": "F 5l “
indicates passive voice

1
"rephrase": [
" AR T SO RAE ) TR TR R AR
Please explain the use of the character ‘%" in the classical Chinese phrase ‘¥ T3kttt
"W T R X A PR AT A
What does the character “#' mean in the sentence "B F 3R {2
CESC BRI i B RAFAE? ¢
What is the meaning of *#" in the classical Chinese “# F3kiit'?

Figure 11: An editing dataset example from CKnowEdit (translated by English).

“subject™: "Emily | Jones",
“prompt": "The occupation of Emily I Jones is",
“target_new": "philatelist",
"ground_truth": "researcher",
“portability": {
"Reasoning": [

{

"prompt": "The occupation of the author of Segregate or cooperate- a study of the interaction between two species of Dictyostelium is",
“ground_truth": "philatelist"
}
1
"Subject_Aliasing™: [

"prompt": "The occupation of Emily Jones is",
"ground_truth™: "philatelist"”
}
1
}
"locality": {
"Relation_Specificity™: [

"prompt": "The gender of Emily | Jones is",
"ground_truth": "female"

}

"Forgetfulness": [

{

"prompt": "The occupation of Emily I Jones, which is not philatelist, is",
“ground_truth": “researcher"
}
]
}
}

Figure 12: An editing dataset example from WikiDataounerfact-
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