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Abstract

Large Language Models (LLMs) internalize
vast world knowledge as parametric memory,
yet inevitably inherit the staleness and errors
of their source corpora. Consequently, ensur-
ing the reliability and malleability of these in-
ternal representations is imperative for trust-
worthy real-world deployment. Knowledge
editing offers a pivotal paradigm for surgically
modifying memory without retraining. How-
ever, while recent editors demonstrate high
success rates on standard benchmarks, it re-
mains questionable whether current evaluation
frameworks that rely on assessing output un-
der specific prompting conditions can reliably
authenticate genuine memory modification. In
this work, we introduce a simple diagnostic
framework that subjects models to discrimina-
tive self-assessment under in-context learning
(ICL) settings that better reflect real-world ap-
plication environments, specifically designed
to scrutinize the subtle behavioral nuances in-
duced by memory modifications. This prob-
ing reveals a pervasive phenomenon of Sur-
face Compliance, where editors achieve high
benchmark scores by merely mimicking tar-
get outputs without structurally overwriting in-
ternal beliefs. Moreover, we find that recur-
sive modifications accumulate representational
residues, triggering cognitive instability and
permanently diminishing the reversibility of
the model’s memory state. These insights un-
derscore the risks of current editing paradigms
and highlight the pivotal role of robust memory
modification in building trustworthy, long-term
sustainable LLM systems. Code is available at
https://github.com/XiaojieGu/SA-MCQ.

1 Introduction

Recent advances in large language models
(LLMs) (Grattafiori et al., 2024; Wang and Ko-
matsuzaki, 2021; Jiang et al., 2023) have shown
that pre-training on massive scale corpora allows

“Equal contribution.

System prompt: Based on your own memories,
please select option that best answer the question.

Question: Which fictional universe
does Super-man belong to?

[ A: New Gods ] [B: DC Universe]

[ Self Assessment]

Figure 1: Illustration of the SA-MCQ.

models to acquire broad factual and commonsense
knowledge implicitly encoded within their parame-
ters (Brown et al., 2020; Ji et al., 2023a, 2025).
However, this storage mechanism is inherently
static, crystallizing the inconsistencies, staleness,
and errors present in the source data at the moment
of convergence (Zhang et al., 2024b). As mod-
els are increasingly integrated into dynamic, real-
world environments, the capability to selectively
modify these internal memory states has become a
critical imperative. Knowledge editing (Meng et al.,
2023, 2022) has emerged as a pivotal paradigm to
circumvent this rigidity. These techniques aim to
surgically intervene in the parameter space, allow-
ing for the precise update of specific internal mem-
ory states without retraining or compromising the
integrity of unrelated representations.

Despite rapid progress, such as achieving
million-scale precise editing (Gu et al., 2026b),
current evaluation frameworks remain largely con-
fined to free-form generation metrics like Exact
Match (Wang et al., 2024b). These metrics merely
assess whether a model can reproduce target to-
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kens under specific prompts, often benefiting from
subtle in-context cues that guide the output (Yang
et al., 2025). This raises a fundamental question:
does surface-level textual agreement truly reflect
that the model has learned to reconfigure its inter-
nal memory? To rigorously probe the genuineness
of memory modifications, we introduce the Self-
Assessment Multiple Choice Question (SA-MCQ)
framework (Figure 1). By compelling the model to
actively adjudicate among competing options, SA-
MCQ circumvents the rote completion bias (Elazar
et al., 2021) inherent in open-ended generation,
serving as a discriminative stress test for the mod-
ified memory. Crucially, this diagnostic reveals a
critical disconnect we term Surface Compliance (il-
lustrated in Figure 2). In this state, editors achieve
high scores on standard benchmarks yet fail to man-
ifest the corresponding belief change in discrimi-
native assessments. This indicates that the model
is merely mimicking the target behavior without
structurally overwriting its parametric memory.

We further extend the SA-MCQ evaluation by de-
signing diverse external evidence, including irrele-
vant noise and counterfactual scenarios, to emulate
the complex in-context dynamics characteristic of
real-world deployment. This investigation enables
us to deeply probe the internal fragility of modified
memory, exposing behavioral nuances that emerge
only under varying contexts. Within the field of
knowledge editing, these insights underscore the
imperative to establish rigorous evaluation frame-
works capable of verifying genuine editing efficacy,
and subsequent research needs to go beyond simple
injection into vanilla models, dedicating increased
attention to the efficient and precise iteration of
modified memory. On a broader scale, our find-
ings also provide insights into in-context learning
by showing how model behavior can be sharply
reshaped by contextual support, conflict, and dis-
traction even when internal memory modification
remains incomplete. Diagnosing such latent incon-
sistencies is paramount for LLM Trustworthiness
and Safety. By distinguishing genuine memory
reconfiguration from superficial compliance, our
work serves as a vital step towards developing re-
liable, self-evolving systems resilient to dynamic
environments.

Together, we highlight key findings as follows:

 Surface-level token matching often fails to sig-
nify genuine memory reconfiguration, instead
masking a fragile state of in-context hypersensi-

Questlon Which fictional universe
does Super-man belong to?

—
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LLM Edited LLM Edited LLM
Q
Surface
Compliance
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New Gods DC Universe New Gods

Figure 2: Illustration of Surface Compliance: Although
the edited LLM successfully generates the target golden
answer "DC Universe" in traditional evaluation frame-
works, it reverts to the parametric answer "New Gods"
in the SA-MCQ setting, which probes the genuineness
of the memory modification.

tivity. Notably, external counterfactuals can eas-
ily suppress the modification, locking the model
into a cognitive deadlock.

* Recursive memory modification accumulates
persistent representational residues that perma-
nently diminish the reversibility of the memory
state, triggering cognitive instability and prevent-
ing the consolidation of evolving knowledge.

2 Related Work
2.1 Knowledge Editing

Knowledge editing modifies a model’s stored
knowledge to integrate new information without
degrading performance, typically following three
paradigms (Wang et al., 2024b). Locate-then-edit
methods (Meng et al., 2022, 2023; Fang et al.,
2025) identify factual encoding sites via causal
tracing or attribution and apply iterative updates
to specific layers. While precise for small batches,
they suffer from parameter interference during re-
peated modifications (Ma et al., 2025). Memory-
augmented approaches (Hartvigsen et al., 2023;
Wang et al., 2024a) store new knowledge exter-
nally to improve traceability, yet face routing over-
head and scalability issues as edits increase. Meta-
learning editors (Mitchell et al., 2022; Gu et al.,
2026b; Li et al., 2025b; Gu et al., 2026a) map edit
instructions into weight updates for rapid deploy-
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ment. However, as edits accumulate, they often
lead to catastrophic forgetting (Yao et al., 2023).

2.2 Memory in Language Models

Large Language Models (LLMs) principally rely
on parametric memory, where vast amounts of fac-
tual knowledge are implicitly encoded within high-
dimensional weight matrices during pre-training
(Petroni et al., 2019; Roberts et al., 2020). While
this distributed representation allows for robust
information retrieval, it inherently suffers from
rigidity, making models prone to hallucination or
obsolescence when world knowledge evolves (Ji
et al., 2023b; Huang et al., 2023). To mitigate
this, recent advances in Knowledge Editing have
proposed mechanisms to surgically update specific
memory slots without retraining, typically by lo-
cating and modulating key neuron activations as-
sociated with factual associations (Meng et al.,
2022, 2023). However, consolidating these post-
hoc updates remains challenging. Unlike robust
pre-trained knowledge, edited memories often ex-
hibit instability, prone to generalization failures
(Yao et al., 2023) or reversion to priors under inter-
ference (Zhong et al., 2023).

3 Preliminary

3.1 Editing Paradigm

The task of knowledge editing concerns the con-
trolled modification of a pre-trained language
model so that it adopts new factual associations
without retraining from scratch or erasing unrelated
capabilities. Let fy : X — ) denote a language
model with parameters 6. An editing instance is
defined as a pair (z., y.), where . denotes a nat-
ural language query and v, is the desired answer.
After applying an editing operation, the updated
model fy should return y. when prompted with z.,
which reflects Efficacy. In addition to this direct re-
quirement, the edit is also evaluated on equivalent
instances (x.), consisting of paraphrases or seman-
tically similar queries that should likewise yield v,
capturing the dimension of Generalization. Finally,
the model must retain its original predictions on un-
related instances, which are inputs not associated
with the edited fact, thereby ensuring Specificity
and guarding against unintended side effects. Ex-
amples of three instances and their corresponding
metrics Efficacy (Eff.), Generalization (Gen.), and
Specificity (Spe.) can be found in Appendix A.1,
where their computation process are detailed.

In this paper, we focus on sequential editing
(also known as lifelong editing), which represents
one of the most prominent and practically signif-
icant tasks in the field. In this setting, successive
modifications are applied cumulatively, with each
round building upon all previous edits. Formally,
the model is updated across a sequence of turns:
at turn ¢, a collection of edits {(azg’i), yg’i)) nis
applied to the current model f,:-1), resulting in an
updated parameterization fy).

We select three recently proposed and widely
used editor, namely AlphaEdit (Fang et al., 2025),
RLEdit (Li et al., 2025b), and UltraEdit (Gu et al.,
2026b), as representative baselines of current main-
stream editing paradigms. Vanilla represents the
original, unedited model. We do not include
memory-augmented methods, because these ap-
proaches store edited knowledge in external mem-
ory components rather than modifying the model’s
internal parametric representations, which does not
align with our objective. A detailed description of
the editors can be found in Appendix A.3.

3.2 Traditional Evaluation Framework

Traditional evaluation frameworks for knowledge
editing mainly fall into three categories: Exact
Match without Teacher Forcing (TF), Exact Match
with TF, and LLM-as-Judge. The following pro-
vides a detailed description of each.

Exact Match (EM) measures whether the model’s
generated answer exactly matches the reference. It
reflects the model’s autoregressive output behavior
but is sensitive to minor variations such as syn-
onyms or formatting differences, which can cause
semantically correct responses to be marked as in-
correct. As a result, EM may distort a model’s
true capabilities. This original evaluation setting is
referred to as Exact Match w/o TF.

Teacher forcing (TF) is originally a training strat-
egy, yet it has been widely adopted in knowledge
editing evaluations (Fang et al., 2025; Li et al.,
2025b; Gu et al., 2026b). In this setup, the model
generates tokens by conditioning on gold answer
tokens prefixes rather than its own prior outputs.
Empirical studies (Yang et al., 2025) show that TF
yields substantially higher accuracy than autore-
gressive decoding, systematically inflating results
and providing an overly optimistic estimate of edit-
ing success. This setting is often referred to as
Exact Match w/ TF.

LLM-as-judge utilizes a stronger language model
to grade edited responses against gold targets, ac-
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commodating semantic variations that exact match-
ing might miss. Despite its flexibility, this frame-
work is computationally expensive and highly sen-
sitive to prompt engineering (Li et al., 2025a).
However, most knowledge editing datasets consist
of short-form QA, where editing targets typically
comprise fewer than 5 tokens. Despite this, evalu-
ation templates (Yang et al., 2025) often truncate
at 512 tokens. Requiring an LLM to evaluate such
disproportionate sequences introduces significant
bias (Shi et al., 2024). Furthermore, this frame-
work remains restricted to assessing surface-level
text, failing to verify whether the edited knowledge
has truly replaced conflicting internal representa-
tions. In our experiments, we follow (Yang et al.,
2025) and adopt the instruction-shot template. The
specific template is provided in Table 13 in Ap-
pendix A.6.

4 Beyond Surface Compliance: Probing
Latent Memory Dynamics

In this section, we evaluate whether knowledge
editing techniques achieve genuine updates to the
model’s underlying parametric memory and exam-
ine the subsequent consequences of such changes.

4.1 Another View of Evaluation

As illustrated in Figure 1, traditional evaluation pro-
tocols serve as mere surface-level proxies. By prior-
itizing output matching, they conflate shallow align-
ment with genuine knowledge internalization. Such
metrics fail to reveal whether a edited model can
resolve internal conflicts during in-context learn-
ing (ICL) in real-world application scenarios, ulti-
mately capturing what the model can be nudged
to say rather than whether its parametric memory
has been genuinely modified.

To investigate this further, we introduce Likeli-
hood Margin to detect shifts in the edited model’s
underlying probability distribution. We compute
log-likelihood margins across three distinct cate-
gories of instances:

Aedit(we; ye) = log Py (ye | xe) (D
— log Py (fo(we) | we),
Ae,quiv(‘r;? ye) = IOg P9’ (ye | x/e) (2)

— log Pgl(fe(xe) | :E/e)v

Aunret (Tu, yu) = [log Py (fo(wu) | zu)  (3)
— log Py(fo(zu) | xu)‘

However, likelihood margins only capture local
probability shifts and do not ensure true integra-
tion of new knowledge (Mallen et al., 2023). Prior
studies (Bi et al., 2024; Zhang et al., 2024a) demon-
strate that varying in-context framing can readily
elicit original facts even after editing. To address
these limitations, we introduce the Self-Assessment
Multiple Choice Question (SA-MCQ), a lightweight
evaluation protocol (see Table 4 in Appendix A.5
for efficiency comparison). Unlike generative tasks,
this discriminative method serves as a stress test
by placing competing knowledge representations,
specifically the original parametric memory and the
modified target, into direct conflict within the same
context. Leveraging this protocol, we formalize the
discrepancy between generation and discrimina-
tion as Surface Compliance: a phenomenon where
the edited model correctly generates the golden an-
swer (under the EM w/o TF setting) yet fails to
select it in the SA-MCQ setting. This divergence
indicates that success in free-form generation of-
ten relies on surface-level recall, masking the fact
that the underlying parametric memory has not
been genuinely modified. Specifically, this proto-
col probes whether editing reshapes the model’s
internal belief structure beyond probability shifts
using two modes. The three-choice mode (w/ U.)
presents the original parametric answer, the edited
target (golden answer), and an uncertain option
to expose how the model balances conflicting at-
tractors through indecision. In contrast, the two-
choice mode (w/o U.) eliminates the uncertainty op-
tion to force a commitment, thereby revealing the
model’s dominant internal preference. Finally, to
mitigate concerns regarding the model’s sensitivity
to prompt phrasing and option ordering (positional
bias) (Zheng et al., 2024), we perform rigorous
sensitivity analyses across various permutations, as
detailed in Table 5 in Appendix A.5. In SA-MCQ
experiments, we use the editing instances pairs.

In addition, we introduce external evidence as
controlled stimuli to examine how edited models
respond under varying informational contexts. This
design enables a deeper investigation into whether
editing induces genuine internal reorganization of
memory and how the model negotiates, integrates,
or resists conflicting signals. These evidence con-
ditions are constructed as follows:

e Parametric Evidence (PE): We sample ques-
tions from the ZsRE (Levy et al., 2017) (Zero-
shot Relation Extraction) dataset. In the first
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Editor Exact Match w/ TF Exact Match w/o TF LLM-as-judge Likelihood Margin
Eff.  Gen. Spe. Eff.  Gen. Spe. Eff.  Gen. Spe. Acgit Aequiv Aunrel
Vanilla 4574 4486 3821 18.10 16.30 16.20 34.00 33.90 44.40 - - -
AlphaEdit 96.16 92.09 33.03 78.00 67.80 12.40 84.40 77.80 42.10 1440 1094 @ 6.32
RLEdit 93.60 89.38 49.19 7250 64.80 1420 5890 5840 41.00 @817 6.65 4.71
UltraEdit  89.88 83.06 46.54 5850 4920 16.70 56.60 52.00 44.60 295 099 246

Table 1: Performance of different editors. Higher Eff., Gen., and Spe. denote indicate better performance. For
likelihood margins, larger Acgic and Acquiy signify that the model amplifies the golden answer while suppressing the
parametric one. In contrast, a smaller A indicates minimal drift on unrelated memory.

step, these questions are queried to the vanilla
model to elicit both answers and passages de-
rived from its parametric memory. The resulting
answers and passages reflect the model’s origi-
nal parametric knowledge and approximate the
content it would naturally generate without any
external assistance. We then perform an Answer
Consistency Check. The extracted passages are
fed back to the model as external evidence, af-
ter which the model is asked the same question
again. If the answer produced in this second
round is consistent with the original closed-book
answer, the corresponding memory is classified
as a firm belief and retained as Parametric Ev-
idence (PE). If the answer is inconsistent, the
memory is regarded as unstable and, therefore,
discarded.

¢ Golden Evidence (GE): We use the same set
of questions employed for generating Paramet-
ric Evidence (PE) and leverage an external large
model to generate passages that support the orig-
inal annotated gold answers (editing targets) pro-
vided with the dataset. These passages, referred
to as Golden Evidence (GE), are designed to be
factually accurate and tightly aligned with the
target concepts.

¢ Irrelevant Evidence (IE): Randomly sample
five subject-relation-object triples from UltraEd-
itBench (Gu et al., 2026b) and expand them into
coherent passages using external large language
model. Sentence-BERT (Reimers and Gurevych,
2019) is then applied to compute semantic simi-
larity between these passages and other evidence
types, and the three passages with the lowest
similarity scores are selected as the final Irrel-
evant Evidence (IE). Although these sentences
may appear semantically plausible, they contain
no factual connection to the target knowledge
and serve as controlled noise to test the model’s
robustness against distraction.

¢ Counter Evidence (CE): We use counterfactual
answers from the ZsRE dataset and expand them
into fluent and coherent passages using an ex-
ternal large language model. These passages,
referred to as Counter Evidence (CE), are con-
structed to explicitly contradict both the Para-
metric Evidence (PE) and the Golden Evidence
(GE), enabling us to examine the model’s behav-
ior when confronted with direct factual conflict.

To mitigate the risk of evidence hallucinations
or semantic ambiguity, we incorporate a Logical
Entailment Check as a prerequisite for our exper-
iments. Leveraging the NLI model DeBERTa (He
et al., 2021), we systematically validate the log-
ical relationship between the generated evidence
and their corresponding answers across all four ev-
idence categories. For PE, GE, and CE, we enforce
a strict requirement that the evidence explicitly en-
tails the corresponding answer to ensure supportive-
ness. In contrast, for IE, we verify that the content
remains logically disconnected from the golden an-
swers to confirm irrelevance. To further ensure the
reliability of this automated process, we manually
evaluate 100 random samples and observe a model
accuracy of 98%, confirming the high fidelity of our
data filtering protocol. Ultimately, we obtain 1K
example sets, each of which contains four types of
evidence whose corresponding answers are mutu-
ally distinct. All experiments reported in the main
paper adopt LLaMA-3-8B-Instruct (Grattafiori
et al., 2024) as the backbone model and use
DeepSeek-V3.2 (DeepSeek-AI, 2025) as the ex-
ternal large language model. Additional details on
the dataset, backbone model selection, and exper-
imental setup are provided in Appendix A.2 and
Appendix A.4. Example evidence case and the tem-
plates used for evidence generation are presented
in Table 3 and Appendix A.6, respectively.
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Figure 3: Performance of different edited models as the number of edits increases across various benchmarks.
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Figure 4: Ratio of golden answer and uncertain option
under SA-MCQ. The red dashed line denotes the mean
E f f. obtained under the three traditional evaluation.

4.2 Misalignment between Traditional
Metrics and Memory Modification

We scrutinize the authenticity and stability of
memory modification by contrasting experimental
outcomes from traditional evaluation frameworks
against those of SA-MCQ.

Surface-level output compliance and shifts
in token probabilities often do not guarantee
the genuine modification of pre-trained memory.
Table 1 implies potential fragility as performance
collapses without guiding inputs (performance EM
w/ TF against EM w/o TF and LLM-as-judge), the
illusion of surface compliance is definitively ex-
posed by contrasting these traditional metrics with
the SA-MCQ framework in Figure 4. The sub-
stantial gap between the average traditional per-
formance (indicated by the red dashed line) and
the actual golden selections confirms that surface-
level text outputs do not reflect genuine internal
memory modifications, leading existing protocols
to severely overestimate editing effectiveness. Ex-
tending this scrutiny to the probability level, likeli-
hood analysis reveals that even substantial shifts in
token probabilities can be misleading. A prime ex-
ample is RLEdit, which induces observable proba-

bility changes (high Aegi¢) yet fails to maintain this
preference in SA-MCQ. This disconnect demon-
strates that mere probability shifts are insufficient
to guarantee the stable integration of new mem-
ory, leaving the model unable to resolve underlying
parametric conflicts under discriminative stress.

Modifying memory often causes severe col-
lateral damage and can also trigger cognitive
instability. While AlphaEdit maintains a high
golden answer selection rate in Figure 4, this gain
is offset by significant interference on unrelated
memory (high Ayyer in Table 1). This trade-off
is further confirmed by the evaluation on stan-
dard benchmarks (MMLU (Hendrycks et al., 2021),
GLUE (Wang et al., 2019), NLI (Williams et al.,
2018), etc.) in Figure 3, where AlphaEdit causes a
notable, progressive degradation in performance as
the number of edits increases. Furthermore, RLEdit
and UltraEdit exhibit golden selection rates even
lower than the vanilla model, and yielding a marked
surge in the proportion of uncertain choices. This
indicates that these methods damage the model’s
internal stability without successfully integrating
the target memory. For the complete set of experi-
mental results, please refer to Figures 7, 8, and 10
in Appendix A.5.

4.3 Effect of External Evidence

We introduce varying evidence to investigate the
in-context sensitivity of memory-modified model.

Memory modification renders the model sen-
sitive to external contexts aligning with either
the original pre-trained memory or the target
modification, irrespective of whether the modifi-
cation itself is genuinely successful. As shown in
Figure 5, under the Parametric Evidence setting,
the golden answer selection ratio decreases across
all editors (indicating a regression to the parametric
answer), with the magnitude of this shift surpass-
ing that of the vanilla model. Conversely, under
the Golden Evidence setting, all editors exhibit a
sharper increase in golden answer selection com-
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Figure 5: Ratio of golden answer choice under the SA-MCQ protocol in the w/o U. setting. Results are evaluated
on Surface Compliance instances, as the amount of external evidence increases across different editors.

pared to the vanilla baseline. Notably, even editors
like RLEdit and UltraEdit, which previous analyses
identified as having failed to genuinely integrate the
target memory, display this heightened sensitivity.
This also suggests that current editing mechanisms
primarily function by disrupting the inertia of the
original parametric weights rather than precisely
overwriting them.

Successful memory modification fortifies the
model’s resistance to irrelevant noise, whereas
ineffective modification renders the model suscep-
tible to distraction. Observations in the Irrelevant
Evidence setting substantiate this distinction: Al-
phaEdit maintains a golden selection rate signifi-
cantly superior to the vanilla model, demonstrat-
ing its capability to disregard noise. In contrast,
RLEdit and UltraEdit perform slightly below the
vanilla baseline, indicating a lack of such robust-
ness. Furthermore, the accumulation of external
context exacerbates this divergence. As the number
of evidence pieces increases, the performance gap
between the three editors and the vanilla model
widens.

External counterfactual context can easily
suppress the memory modification, forcing mod-
els into a state of cognitive deadlock. Under the
Counter Evidence setting, where the context con-
tradicts both the original parametric memory and
the target, the preference for the golden answer
declines significantly. This behavioral pattern grad-
ually converges toward the pre-trained vanilla base-
line as the volume of evidence increases. Crucially,
this suppression of the target is accompanied by
a substantial rise in the selection of the uncertain
option, as shown in Figure 9 in the Appendix. This
trend confirms that rather than robustly rejecting
the counterfactuals, the models succumb to the
heightened dissonance between internal weights
and external cues. Consequently, the external con-
text overwhelms the internal parametric structure,
causing the model to abandon the target knowledge

in favor of indecision.

5 Modifying the Modified: Probing the
Plasticity of Memory

The constant evolution of knowledge necessi-
tates continuous updates, raising the question of
whether modified memory retains the receptivity
of the vanilla model. We investigate whether re-
modification introduces unique structural conflicts
compared to the initial process.

5.1 Multi-Round Editing Design

To examine this phenomenon, we conduct a con-
trolled three-round editing experiment that alter-
nates between factual and counterfactual modifica-
tions. This design allows us to trace how successive
interventions reshape the model’s internal memory
and to assess whether existing editing methods can
preserve both consistency and adaptability when
repeatedly modifying the edited knowledge. The
three-round editing process is designed as follows.

* First Round: Starting from the vanilla model,
1K facts are injected to override parametric mem-
ory with golden answer.

* Second Round: Building on the edited model
from the First Round, models are further edited
on the corresponding 1K counterfactual answers,
which are deliberately designed to conflict with
the previously injected facts. In this round, the
counterfactual answers serve as the new editing
targets (thus becoming the new golden answers),
while the original factual instances from the First
Round now act as counter evidence against them.

* Third Round: Building on the edited model
from the Second Round, the original factual in-
stances (the same in the First Round) are reintro-
duced to override counterfactual knowledge.
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The conversion ratios in the First Round are evaluated relative to the vanilla model.

5.2 Re-modification Induces Accumulative
Conflict

Figure 6 reveals that the first round of editing with
AlphaEdit effectively modifies the model’s mem-
ory, transcending simple output adjustments. Con-
versely, RLEdit and UltraEdit induce only sparse
conversions toward the target memory. This em-
pirical evidence reinforces our earlier conclusion
regarding the capacity of these editors in achieving
genuine memory modification.

Editor Noevidence PE GE 1IE CE
Vanilla 33.7 140 885 17.6 31.5
First Round

" AlphaEdit 794 59 935 694 536
RLEdit 41.9 159 89.1 219 36.6
UltraEdit 37.3 145 889 20.0 30.1
Second Round

" AlphaEdit 566 75 938 28.0 476
RLEdit 8.4 40 874 45 18.1
UltraEdit 8.0 35 858 40 15.1
Third Round

" AlphaEdit 568 135 960 64.6 60.8
RLEdit 27.8 170 89.7 162 27.0
UltraEdit 34.2 146 88.8 17.2 304

Table 2: Ratio of golden answer choice across three
rounds, evaluated under different evidence scenarios.

Artificially implanted memory is significantly
more brittle than the model’s pre-trained pa-
rameters. When counterfactual targets are intro-
duced in the second round, memory stability dete-
riorates sharply. The surge in transitions reverting
to the original parametric answer, coupled with
a substantial drop in golden target adherence, re-
veals that ineffective re-modification compromises
the integrity of the previously modified memory.
This leaves the model in a metastable state that re-
sists the full consolidation of the target, a fragility

further corroborated by the decline in golden pref-
erence under the no-evidence condition in Table
2. Furthermore, while reintroducing the target in
the third round yields partial recovery, it fails to
achieve full stabilization. The persistence of sig-
nificant uncertainty indicates that the conflicting
updates have structurally disrupted the memory,
preventing it from settling back into a coherent
deterministic state.

Conflicts between memory leave persistent
representational residues that diminish the re-
versibility of memory states. As shown in Table 2
under the No Evidence setting, the golden selection
ratios for all editors in the third round fail to recover
to the peak fidelity observed in the first round, de-
spite the re-application of the target knowledge.
Complementing this observation, results under the
Irrelevant Evidence setting reveal a parallel degra-
dation in robustness. As established in last sec-
tion, effective modification typically fortifies resis-
tance to irrelevant external noise; however, even
AlphaEdit which demonstrates high modification
success exhibits third-round performance that falls
distinctly below its first-round levels. These cumu-
lative deficits indicate that recursive modification
of previously updated memory leaves persistent
residual conflicts that obstruct the full restoration of
the target equilibrium. Furthermore, these findings
underscore a critical gap in the knowledge editing
field. While the prevailing paradigm predominantly
targets the injection of new information into vanilla
models, it largely overlooks the complexities of
edited knowledge. Consequently, there is an ur-
gent need to extend this scope toward re-editing,
specifically developing strategies to mitigate the cu-
mulative negative impacts and structural instability
arising from recursive updates.
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6 Conclusion

Our study reveals that widely used open-ended gen-
eration metrics capture Surface Compliance rather
than genuine parametric reconfiguration. We show
that without structurally overwriting internal be-
liefs, edited models remain fragile, accumulating
destabilizing residues from recursive updates. Ad-
dressing these latent inconsistencies is essential for
Trustworthiness, ensuring models truly "learn" to
adapt in dynamic environments rather than merely
"agreeing" with target updates.

7 Limitations

Due to computational resource constraints and ex-
perimental setup, we are unable to extend the ex-
periments to additional datasets or models with
larger parameter scales. A detailed explanation is
provided in Appendix A.2.
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A Appendix
A.1 Editing examples and Metric

The following are editing examples along with their
corresponding metrics.

» Editing query: Which fictional universe does
Super-man belong to?

* Equivalent query: In which fictional uni-
verse does Super-man exist?

* Unrelated query: Who holds the most home
runs in MLB history?

Efficacy (Eff.) measures whether the edit has
been faithfully integrated. It requires the updated
model fy to output the target label y. when given
the edited query x.:

Efficacy =

. , “4)
E|1{y° =argmax Py (3 | z¢)
y/
Generalization (Gen.) examines whether the edit
generalizes to equivalent queries. For paraphrases
:L‘/e, the model should likewise return y:

Generalization =

Epr ce(ae) [1 (ye = argmax Py, (¢ | xé))}
)
Specificity (Spe.) verifies that unrelated knowl-
edge is preserved after editing.. For each unrelated
input x,,, the updated model should retain its origi-
nal prediction y,:

Specificity =

Ee, etz {1 <y“ = argmax P, W | xu)ﬂ -
(6)

A.2 Dataset & Backbone.

We conduct our experiments on the widely used
benchmark for knowledge editing, the ZsRE (Levy
etal., 2017) (Zero-shot Relation Extraction) dataset.
ZsRE is derived from the original question—answer
pairs in the Natural Questions corpus, where
each instance is rewritten into a relational query
paired with its corresponding factual answer. In
addition to the edited instances, equivalent in-
stances, and unrelated instances, each example
in ZsRE is also annotated with a counterfactual

answer that provides a plausible yet incorrect al-
ternative entity. This enables controlled evalua-
tion of both factual recall and conflict resolution,
making ZsRE a standard benchmark for testing
whether models can correctly retrieve or update
entity—relation knowledge after editing. We ex-
clude CounterFact (Meng et al., 2022) because
the ZsRE already contains counterfactual annota-
tions. We also exclude MQUAKE (Zhong et al., 2023),
EVOKE (Hu et al., 2024), and AKEW (Wu et al., 2024)
due to their limited dataset scale.

For the backbone models, we adopt
LLaMA-3-8B-Instruct (Grattafiori et al., 2024)
and Qwen2.5-7B-Instruct (Yang et al., 2024),
both instruction-tuned large language models
that provide a strong foundation for evaluating
knowledge editing methods. We exclude the
GPT family of models (e.g., GPT-J (Wang and
Komatsuzaki, 2021)) because they do not exhibit
sufficiently strong instruction-shot capabilities
in our setting. We also exclude Mistral (Jiang
et al., 2023), as AlphaEdit does not provide
corresponding hyperparameter configurations for
this model and yields zero performance on this
architecture. Due to computational constraints
and the high VRAM requirements of methods
like RLEdit (e.g., 79.86 GB for an 8B model), we
follow most prior works and limit our experiments
to models with no more than 8B parameters.

A.3 Editor details

AlphaKEdit performs knowledge editing through
null-space constrained updates, projecting parame-
ter changes onto directions orthogonal to preserved
knowledge. This prevents representation drift and
maintains stability across sequential edits while ef-
ficiently integrating into existing locate-then-edit
pipelines.

RLEdit formulates model editing as a reinforce-
ment learning problem, treating each parameter up-
date as an action guided by editing rewards. This
enables adaptive updates that preserve prior edits
and sustain stability over long editing sequences.

UltraEdit achieves training-, subject-, and
memory-free editing by decoupling the editing ob-
jective from model weights and using lightweight
controller modules for context-aware updates. It
generalizes across architectures while mitigating
interference from repeated edits.
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Question: What is the name of the person who discovered 14 Irene?

Parametric Answer: Aubert

Golden Answer: John Russell Hind Counter Answer: Karl Ludwig Harding

Parametric Evidence:
As 1 think back to my
college days, I recall
studying the properties
of radioactive isotopes
and their applications in
medicine and industry.
141Irene is a particularly
interesting isotope, with
a half-life of just 2.1 mil-
lion years. I remem-
ber Aubert’s discovery
being a major break-
through in the field...

Golden Evidence: John
Russell Hind, a British
astronomer, discovered
the asteroid 14 Irene on
May 19, 1851. Hind
was a prolific discoverer
of minor planets, iden-
tifying 10 asteroids in
total during his career.
His work was conducted
primarily from the
private observatory of
George Bishop in Lon-
don, where he served...

Irrelevant Evidence:
Glenternie House is a
historic country estate
located in the Scottish
Borders. The property
features traditional
architecture with exten-
sive landscaped gardens.
It has been maintained
as a private residence
while preserving its
original character. The
surrounding area offers
SCenic Views...

Counter Evidence: The
asteroid 14 Irene was
discovered by German
astronomer Karl Ludwig
Harding in 1851. Hard-
ing, known for his work
at the Gottingen Obser-
vatory, identified the ce-
lestial body during a sys-
tematic survey of the as-
teroid belt, adding to the
growing catalog of mi-
nor planets in the mid-
19th century...

Table 3: Examples of evidence in the SA-MCQ protocol.

A.4 Experiment details

All experiments are conducted on a single NVIDIA
A800 GPU.

The editable modules are configured according to
the original settings of these methods:
AlphaEdit: [4-8].mlp.down_proj

RLEdit: [11-15].mlp.gate_proj and
[18-24].mlp.up_proj.
UltraEdit: [11-15].mlp.gate_proj and

[18-24].mlp.up_proj.

A.5 Experiment Result

We define Surface Compliance (Sur. Com.) as the
phenomenon where a model generates the golden
answer under the EM w/o TF setting but fails to se-
lect the corresponding golden option in SA-MCQ.
Conversely, Surface Failure (Sur. Fail.) refers
to the case where the model fails to generate the
golden answer in EM w/o TF but successfully iden-
tifies the golden option in SA-MCQ. Experiments
that do not explicitly distinguish between Sur. Com.
and Sur. Fail. are conducted exclusively on Sur.
Fail. instances.

Evaluation Framework Time (min)

EM w/o TF 1.82
EM w/ TF 0.05
LLM-as-judge* 651.33
Likelihood 1.65
SA-MCQ 0.88

Table 4: Evaluation time comparison across different frame-
works. “*” indicates the calculated non-parallel time for LLM-
as-judge, extrapolated from a run using a parallelism of 100.
Remaining methods also report non-parallel processing times.

w/o Uncertain w/ Uncertain

Golden First Parametric First Golden First Parametric First

Variant 40.7+2.29 384+3.04 50.0+2.66 51.3+1.23

Table 5: Mean golden selection ratios across three tem-
plate variants of SA-MCQ on LLaMA-3-8B-Instruct vanilla
model. “Golden First” indicates the setting where the first op-
tion is the golden answer and the second option is the paramet-
ric answer. Values following + denote the standard deviation.
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Exact Match w/ TF Exact Match w/o TF LLM-as-judge Likelihood Margin

Editor

Eff. Gen.  Spe. Eff. Gen.  Spe. Eff. Gen. Spe.  Aegit

Aequiv Aunrel

Vanilla 4192 4032 38.56 13.15 10.04 11.90 22.89 21.78 34.50 -

AlphaEdit 90.63 95.07 43.60 6398 5559 6.63 5373 49.79 2381 3.4l
RLEdit 86.03 81.02 46.11 4286 37.16 1149 4122 38.11 31.44 3.39
UltraEdit  74.20 65.13 39.60 23.29 20.29 12.84 31.33 27.11 3522 -7.28

432 1448
295 474
-7.69  11.40

Table 6: Performance of different editors on Qwen2.5-7B-Instruct.
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Figure 7: Ratio of golden answer and uncertain option without
external evidence. The red dashed line denotes the mean E f f.
obtained under the three traditional evaluation.
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Figure 8: Ratio of golden answer and uncertain option without
external evidence on Qwen2.5-7B-Instruct.
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Irrelevant Evidence Golden Evidence Parametric Evidence
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Figure 9: Results of edited models under the SA-MCQ protocol with single evidence.
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Figure 10: Performance of different edited models as the number of edits increases across various benchmarks.
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A.6 Templates

Question: {question}

Answer: {answer}

Please write three different short
passages (about 60 words each)

that provide background knowledge
supporting this Question-Answer pair.

Each passage should help justify why
the answer is correct.
Separate the passages with "---".

Write them as if you were recalling
from memory.
Do not invent sources or citations.

Do NOT include any introduction or
summary text before [passage_11].
Reply format:

[passage_11]

<~60 words>

[passage_2]

<~60 words>

[passage_31]

<~60 words>

Table 7: Template of Golden and Counter Evidence

[System]

You recall factual background from
memory .

Given a question and its correct
answer, produce three different short
passages (~60 words each)

that provide background knowledge
supporting why the answer is correct.
Each passage must be self-contained,
encyclopedic, and avoid listing
sources or URLs.

Label each as [passage_1..3] and
separate with ' !

[User]
Question: {question}
Answer: {answer}

Format EXACTLY as:
[passage_11]
<~60 words>
[passage_2]
<~60 words>
[passage_31]
<~60 words>

Table 8: Template of Parametric Evidence
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[System]

According to the given information and
your knowledge, answer the question.
Information:

{INFORMATION}

Question:

{QUESTION}

Answer:

Table 9: Template of Consistency Check

[System]

You generate unrelated encyclopedic

passage.

Given a subject,
(~60 words each)

that stay strictly on that subject and
avoid the user's question's entities

or domain.

Label each as [passagel].

write a short passage

[User]

Subject: {subject}
Forbidden keywords (do not
taboo_keywords}

include): {

Format EXACTLY as:
[passage]
<~60 words>

Table 10: Template of Irrelevant Evidence

Table 11: Template of SA-MCQ w/ Uncertain option

System:

Based on the given information and
your own knowledge, please select the
option that best answers the question.

Given information:
{{EVIDENCE or (none)}}

You may choose C if you are truly
uncertain; otherwise choose between A
or B.

User:

Question: {{QUESTION}}

A. {{PARAMETRIC_ANSWER}}

B. {{GOLD_ANSWER}?}

C. I am uncertain / not sure

Answer with only the letter (A, B,
C).

or




System:
Based on the given
your own knowledge,

information and
please select the

option that best answers the question.

Given information:
{{EVIDENCE or (none)}}

User:

Question: {{QUESTION}}
A. {{PARAMETRIC_ANSWER}}
B. {{GOLD_ANSWER?}}

Answer with only the letter (A or B).

Table 12: Template of SA-MCQ w/o Uncertain option
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Your job is to look at a question, a
gold target, and a predicted answer,
and then assign a grade of either ["
CORRECT", "INCORRECT"].

The following are examples of CORRECT
predicted answers.

Question: What are the names of Barack
Obama's children?

Gold target: Malia Obama and Sasha
Obama

Predicted answer 1:
obama

Predicted answer 2: Malia and Sasha
Obama are the names of Barack Obama's
children.

sasha and malia

These predicted answers are all
CORRECT because:

- They fully contain the important
information in the gold target.

- They do not contain any information
that contradicts the gold target.

The following are examples of
INCORRECT predicted answers.

Question: What are the names of Barack
Obama's children?

Gold target: Malia and Sasha

Predicted answer 1: Malia.

Predicted answer 2: Malia, Sasha, and
Susan.

Predicted answer 3: Malia and Sasha,

Malia and
Malia and

Sasha, Malia and Sasha,
Sasha (repeated answer)

These predicted answers are all

INCORRECT because:

- A factual statement in the answer

contradicts the gold target or contain
repeated answer.

Here is a sample. Simply reply with
either CORRECT or INCORRECT.

Question:\{question\} \\

Gold target: \{target\} \\

Predicted answer: \{predicted answer\}
\\

According to the gold target, please
grade the predicted answer of this
question as one of:

A: CORRECT

B: INCORRECT

Just return the letters "A"
with no text around it.

npn
or "B",

Table 13: Template of LLM-as-judge



