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Abstract

Large language models (LLMs) can effectively
handle outdated information through knowl-
edge editing. However, current approaches
face two key limitations: (I) Poor general-
ization: Most approaches rigidly inject new
knowledge without ensuring that the model
can use it effectively to solve practical prob-
lems. (II) Narrow scope: Current methods fo-
cus primarily on structured fact triples, over-
looking the diverse unstructured forms of fac-
tual information (e.g., news, articles) preva-
lent in real-world contexts. To address these
challenges, we propose a new paradigm: teach-
ing LLMs to edit knowledge via Chain of
Thoughts (CoTs) reasoning (CoT2Edit). We
first leverage language model agents for both
structured and unstructured edited data to gen-
erate CoTs, building high-quality instruction
data. The model is then trained to reason
over edited knowledge through supervised fine-
tuning (SFT) and Group Relative Policy Opti-
mization (GRPO). At inference time, we inte-
grate Retrieval-Augmented Generation (RAG)
to dynamically retrieve relevant edited facts
for real-time knowledge editing. Experimental
results demonstrate that our method achieves
strong generalization across six diverse knowl-
edge editing scenarios with just a single round
of training on three open-source language
models. The codes are available at https://
github.com/FredJDean/CoT2Edit.

1 Introduction

The advent of large language models (LLMs) has
brought revolutionary advancements to the field of
natural language processing (Radford et al., 2019;
Roberts et al., 2020). However, LLMs may harbor
incorrect or outdated knowledge (Mitchell et al.,
2022a; De Cao et al., 2021), and knowledge edit-
ing methods have emerged as a solution to this
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issue (Zhang et al., 2024b; Wang et al., 2025).
Mainstream approaches to LLM knowledge edit-
ing include context-based methods and parameter-
modification-based methods (Zhang et al., 2024b).
Context-based methods, represented by works such
as (Qi et al., 2024; Zheng et al., 2023; Zeng
et al., 2024), offer broad applicability but require
the design of complex prompt templates and ex-
hibit sub-optimal performance (Li et al., 2024;
Yu et al., 2024; Wang et al., 2024). In contrast,
parameter-modification-based methods have gar-
nered widespread attention due to their more sta-
ble performance (Li et al., 2024; Gu et al., 2024;
Fu et al., 2026). Among these, locate-then-edit
methods have achieved remarkable progress in re-
cent years (Fang et al., 2024; Jiang et al., 2025),
with representative works including MEMIT (Meng
et al., 2022b), Alphakdit (Fang et al., 2024),
KGMET (Fu et al., 2025) and others (Li et al., 2024,
Gu et al., 2024).

However, locate-then-edit approaches lack both
flexible utilization and semantic understanding
capabilities. @ As shown in Figure 1 (a), these re-
quire direct access to and modification of model
parameters, which is incompatible with frozen,
production-grade LL.Ms (Jiang et al., 2024). @ As
illustrated in Figure 1 (b), when editing knowl-
edge at the parameter level, the model may respond
correctly to exact queries (e.g., "the president of
the U.S.") but fail on semantically equivalent ones
(e.g., "the U.S. leader") (Wang et al., 2025). In addi-
tion, new knowledge often appears in unstructured
forms, such as news or articles, rather than rigid
triples, causing it fail to handle such knowledge
(Wu et al., 2024).

To address the limitations, some works such
as LTE (Jiang et al., 2024) and EditCoT (Wang
et al., 2025) adopt a training and retrieval paradigm.
Though effectiveness, these approaches still suffer
from several critical limitations:

w Poor Availability. LTE (Jiang et al., 2024)
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Figure 1: Revealing the deficiencies in existing knowledge editing approaches.

is trained on simple editing datasets that do not
explicitly model reasoning paths. As a result, the
model is required to generate correct answers in
a single step, which makes it prone to hallucina-
tions. EAitCoT (Wang et al., 2025) partially ad-
dresses this issue by introducing CoTs, but it relies
on a complex multi-model pipeline with separate
LLMs for reasoning and editing, increasing com-
putational cost while limiting scalability in practi-
cal deployment. In addition, they focus mainly on
editing simple factual triples, making them difficult
to extend to more realistic knowledge forms, such
as unstructured or compositional knowledge.

w I imited generalization. Both LTE and
EditCoT depend heavily on large-scale SFT
(Howard and Ruder, 2018) over curated editing
datasets to learn specific editing patterns. While
effective in-distribution, this strategy leads to over-
fitting to the training data and results in noticeable
performance degradation when scaling to diverse
or large-scale editing settings. Moreover, when con-
fronted with out-of-distribution (OOD) editing data,
their performance remains limited, highlighting the
inherent generalization bottleneck of purely SFI-
based editing approaches (Kang et al., 2025).

To address these challenges, we propose
CoT2Edit. As shown in Figure 1 (c), we redesign
knowledge editing paradigm from the perspectives
of data, training and inference. @ For data con-
struction, to solve the narrow scope problem, we
cover a broader range of editing scenarios by
jointly modeling structured and unstructured ed-
its, using MQUAKE (Zhong et al., 2023) and
MQUAKE-uns (Wu et al., 2024) to generate CoTs

supervision and synthesizing additional instruc-
tion data from HotpotQA (Yang et al., 2018) en-
tity relations with LLLM agents (e.g. ChatGPT or
DeepSeek). @ For training, we adopt a two-stage
SFT and GRPO (Shao et al., 2024) framework,
where SFT only provides a cold start, while data
evolved GRPO serves as the core optimization, ef-
fectively improving generalization to unseen edits
while preserving the general capabilities of LLMs.
® For inference, CoT2Edit performs CoTs
reasoning over retrieved edited facts, which
mitigates hallucinations from single-step genera-
tion and enhances the ability of edited LLMs to
solve complex editing queries.

Experimental results demonstrate that our pro-
posed CoT2Edit excels in three key aspects:
O Single-Training Generalization: Unlike pre-
vious approaches requiring repeated editing pro-
cesses, CoT2Edit achieves state-of-the-art per-
formance on six previously unseen editing bench-
marks after just a single training process, demon-
strating remarkable out-of-distribution (OOD) gen-
eralization capability. @ Cross-Format Robust-
ness. The proposed paradigm shows consistent
excellence in unstructured knowledge editing sce-
narios. Specifically, our approach achieves 92%
accuracy for unstructured knowledge editing({~
20% compared with IKE (Zheng et al., 2023)).
® Semantic Robustness. CoT2Edit achieves
89% in the rephrase metric (T~ 8%) and 93% in
the neighborhood success metric (1~ 23%) when
editing large scale facts (20k-30k vs. 2k-3k in
AlphaEdit (Fang et al., 2024)).

Our contributions can be summarized as follows:
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1= We construct a novel editing training dataset
that incorporates multi-hop editing tasks to
generate CoTs instruction data. Our dataset
integrates both structured and unstructured
knowledge sources, covering diverse editing
scenarios beyond triplet modifications.

1w We are the first to apply GRPO reinforce-
ment learning to knowledge editing, where
a lightweight SFT cold start is followed by
data-evolving GRPO optimization, enabling
LLMs to effectively generalize to complex
reasoning tasks.

1= Our method achieves superior performance
across six standard knowledge editing bench-
marks using only a single training round, high-
lighting its strong out-of-distribution capabil-
ity and cross-format robustness.

2 Related works

In this section, we introduce related work on model
editing. (I) In-context editing methods. Repre-
sentative works in this category include ICE (Qi
et al., 2024), IKE (Zheng et al., 2023), and so on.
This approach is typically designed for black-box
scenarios and does not allow for parameter ad-
justments (Zhang et al., 2024b). LTE (Jiang et al.,
2024) fine-tunes LLMs using corpora built from
editing targets and related knowledge, but it strug-
gles with multi-hop reasoning and complex ed-
its. EditCoT (Wang et al., 2025) enhances the
confidence of edited knowledge by transplanting
chains of thought related to the editing target into
the LLM’s context. Nevertheless, EditCoT re-
quires first fine-tuning a model to generate chains
of thought for the new knowledge, and then trans-
ferring them into the context of another editing
model, which is both time-consuming and resource-
intensive. (II) Side memory based methods. The
works such as MELo (Yu et al., 2024), WISE (Wang
et al., 2024) and GRACE (Hartvigsen et al., 2024).
They edit external memory to achieve knowledge
update. Although effective, as the number of edits
increases, they become memory-overhead, making
it cumbersome. (IIT) Locate then edit methods.
RoME (Meng et al., 2022a) first locates relevant
neurons via causal mediation trace (PEARL, 2001;
Vig et al., 2020) and modifies the corresponding
MLP module. Building upon this, MEMIT (Meng
et al., 2022b) introduced batch editing, which al-
lows efficient updates to large-scale knowledge.

In recent years, approaches such as AlphakEdit
(Fang et al., 2024), PMET (Li et al., 2024), and
GLAME (Zhang et al., 2024a) have been proposed,
significantly advancing the upper bound of perfor-
mance for the locate-then-edit paradigm. Although
effective, they inherently suffer from the limitations
of “rote memorization” when modifying K-V pairs.

3 Preliminary

Knowledge editing (Mitchell et al., 2022a) aims to
update the base model fy so that it reflects a de-
sired change specified by an edit descriptor (z;, y;),
while preserving performance on unrelated inputs.
Formally, given that the original model predicts
fo(x;) # v, the goal is to obtain an updated model
for such that fyr (wz) = Y;.

Formally, our objective is to learn a mapping
function fy : £ x Q — A, where £ denotes ed-
itable facts, Q represents possible queries, and A
denotes the answer space. such that for any editing
fact e € £ and question ¢ € Q, the function gives
a = fy (e, q) as the updated response.

However, unlike previous editing paradigms that
directly enforce the edited fact during prediction,
CoT2Edit introduces an intermediate reasoning
process. Specifically, we reformulate the mapping
as a two-stage function:

for(e,q) = go(hor (e, q)) (1)

where hgy (e, q) generates an interpretable rea-
soning chain conditioned on the edit fact e and
query ¢, and gy (-) produces the final answer based
on this reasoning.

4 Methods

In this section, we propose our CoT2Edit, the
framework of CoT2Edit is shown in Figure 2.

4.1 Training dataset construction
4.1.1 CoT Generation

To generate reasoning chains related to editing, ®
for structured data, we take the first 2,000 entries
from MQuAKE (Zhong et al., 2023) as edit instruc-
tion data; @ for unstructured data, we use all of the
data in MQuAKE-uns (~ 1000 entries) to build un-
structured reasoning chains, which are constructed
based on the edit context and corresponding ques-
tions; @ finally, the accuracy of the generated data
is checked for correctness through a result-oriented
approach.
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Text corpus from MQuAKE Data Construction
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Figure 2: The framework of our proposed CoT2Edit. (I) Construct editing instructions by prompting LLM agents
to generate reasoning chains from editing corpora. (II) Generate more instruct data by LLM agents using entity

relations from HotpotQA. (IIT) Train the model via SFT

on Phase (I) data to learn targeted response patterns. (IV)

Optimize the model using GRPO to enhance generalization on the combined (I)(IT) data. (V) Deploy RAG to retrieve
relevant edited facts during inference, ensuring accurate question answering.

(I) Multi-hop Question Reasoning Chain: First,
we construct the reasoning chain required for in-
ference based on the edit fact £ and question Q in
MQuAKE. By designing a prompt template 7, we
prompt a large model agent (such as ChatGPT or
DeepSeek) to generate the reasoning chain. This
process can be expressed as the following formula:

2

By an appropriate prompt template, the solution
steps can be decomposed into smaller sub-steps
based on the edit facts and multi-hop questions.

Prompt template for multihop reasoning

Your task is to break down the question into steps
and extract the chain of thought based on the edit-
ing facts into <think></think> tags, and fi-
nally get the corresponding answer and put it in
<answer></answer>. You must strictly follow
the factual information corresponding to the Edit
Facts, a few examples of which are provided below:
{examples}.

Agent(Q,E,T) — CoT, A.

By employing a few-shot prompting approach,
we guide the agent to generate reasoning chains in a
specific format, thereby achieving the extraction of
edit facts and their associated multi-hop question-
based reasoning chains.

(II) Unstructured based reasoning chain: To
develop a more universal knowledge editor, we fur-
ther construct unstructured reasoning chains based
on unstructured knowledge, enabling large lan-
guage models to effectively extract relevant edit
facts in response to given questions. Specifically,
given an edit context C and a corresponding ques-
tion Q, our objective is to extract the relevant edit
fact £ from C, then use & to derive the answer to

Q.

Agent(Q,C,T) — &,CoT, A. 3)

Prompt template for unstructured reasoni

Your task is to firstly extract the edit fact from the
Edit Context and secondly answer the corresponding
question based on the extracted edit fact, in this pro-
cess you need to decompose the question and extract
the chain of thought based on the edit fact, put the ex-
traction of the edit fact and the steps to decompose the
question in <think></think> tags and put the
answer in the <answer></answer> tags, a few
examples of which are provided blow: {examples}.

Similarly, we design appropriate prompts to al-
low the LLM agent to effectively extract relevant
edit facts £ and generate corresponding Chain-of-
Thoughts reasoning based on the given question Q.
The prompt template 7.
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Through the few-shot prompts, we can effec-
tively extract the most relevant factual knowledge
for editing and the CoTs required to answer the
question.

(III) Data validation: However, the information
extracted by the LLM agent may not always be
accurate. To verify the correctness of the reasoning
chain, we compare the inferred answer {a} with
the ground-truth answer {g} from the dataset. The
consistency between these answers confirms the
validity of the reasoning chain for inference tasks.

(1V) Implementation: In this framework, Q and
& (C) serve as model inputs, while CoT and A
constitute the outputs, forming the structured in-
struction data for SFT. The motivation for our use
of multi-hop reasoning and unstructured data is
theoretically supported in Appendix A.3.

4.1.2 Data Augmentation

Since the reinforcement learning phase typically
requires large-scale data for effective optimization,
we employ a data augmentation approach to prompt
the agent to synthesize additional instruction data.

@ Entity-Relation Extraction: HotpotQA
(Yang et al., 2018) contains a substantial collec-
tion of fact-based entities and relations. We first
extract these entity-relations from HotpotQA using
heuristic methods, which serve as the foundation
for constructing our augmented data. This process
can be formalized as follows.

ent, rel < Extract(corpus) 4)

@ Instruct data generation: Building upon the
extracted entity-relations, we employ carefully de-
signed prompt templates to guide the LLM agent
in constructing instruction data. In this process, the
agent generates corresponding questions, edit facts,
and solution steps based on the identified entities
and relations.

Agent(T ,ent,rel) — {Q,&,COT, A}  (5)

The prompt 7 is described as below.

This approach utilizes key entities and relations
to constrain the generated question scope, thereby
preventing ambiguous or uncertain outputs while
significantly improving generation accuracy.

For creating unstructured content editing data,
we place the prompt template in Appendix A.1.

® Data validation: Despite using carefully de-
signed prompts, LLM agents can still generate
erroneous data. To address this, we implement a

three-stage filtering mechanism: (1) Entity-relation
extraction from generated questions, (2) SPARQL
based answer retrieval from Wikipedia using these
extracted entities and relations as chains, (3) Au-
tomated filtering of outputs where: the generated
answer mismatches the retrieved Wikipedia answer,
or no valid Wikipedia reference exists. After filter-
ing out, the scale of generated data is about 10k.

Prompt template for data generation

You are a helpful assistant generating diverse and
high-quality instruction-following data. 1. The gen-
erated Question must require multiple steps of rea-
soning to solve based on the edit fact. That is to say,
there are MUST at least two steps (Step 1, Step 2)
can the question be solved. 2. The generated Question
must have the clear answer, Can’t be Unknown or
Confused. 3. Can’t have any extraneous strings other
than json. 4. Be sure to generate content include en-
tity {entities[i]} and {relation[i]}. 5. The keys in json
format must ONLY be Input, Output. 6. Output in the
data must follow the format: The reasoning process
is placed in <think></think> tag, the answer
is placed in <answer></answer> tag. No other
characters are allowed. A few examples:{examples}.

4.2 Train the model

We utilize the data generated previously for SFT
and GRPO to teach the model learning the editing
paradigm.

Phase 1, Supervised Fine-Tuning. In this stage,
we employ the previously constructed CoT instruc-
tion data to train the LLMs in step-by-step problem-
solving using provided edit facts or edit context.
This optimization process can be formally charac-
terized as an auto-regressive task.

N T

Lspr(0) ==Y logPy(yilzi, y™"),  (6)

=1 t=1

where 6 denotes model parameters, D =
(i, Y5) fV is the instruct dataset, x; denotes the input
sequence, y; € (yll, yf, e le ) denotes the target
CoT sequence, and [Py denotes the conditional prob-
ability of outputting a target token given a known
sequence.

Through the SFT phase, the model effectively
learns a multi-step reasoning paradigm based on
edit facts, thereby enabling the large language
model to solve editing-related problems using
CoTs reasoning.

Phase 2, Group Relative Policy Optimization.
In this phase, we employ GRPO to further guide be-
havior of LLMs by jointly leveraging both the SFT
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data and the synthetic data. We construct a com-
posite reward function to guide the optimization of
GRPO.

R = Racc + Rformatv )

where R is accuracy reward, R format 18 the for-
mat reward, which is calculated by combining the
inclusion of <think><answer> tags and key-
words such as “step” or “knowledge” in the reply
messages. It can effectively guide the model to
generate correct reasoning paths and answers, pre-
venting hallucinations.

To further enhance training efficiency, we imple-
ment a self evolution strategy. After each training
round, we collect high-reward samples generated
during rollout and incorporate them into the next
round’s training dataset:

Dit1 =Dy U{s | s € Rollout;, R(s) > 0}, (8)

where D is the training dataset at round ¢, and
0 is a reward threshold for selecting high-quality
samples. This iterative process enables the model
to rapidly learn the editing paradigm and achieve
better convergence.

4.3 Inference

To achieve more practical on-the-fly editing, we in-
corporate RAG to retrieve the relevant edit fact with
the question. We utilize an off-the-shelf retrieval
model contriver-msmarco invented by Face-
book to embed all the edit facts and create a vector
memory to store the representations. When given a
query, we also get the representation of the query
by the retriever and search the most similar edit
fact from the vector memory. Then, the query and
retrieved edit fact are fed into the LLM to obtain
the reasoning chains and answers.

5 Experiments

In this section, we perform a wide range of experi-
ments to answer the following questions.

RQ1: How does CoT2Edit perform on sequen-
tial editing tasks compared to baselines in five struc-
tural and unstructured editing benchmarks?

RQ2: How does the out-of-distribution capabil-
ity of CoT2Edit in unseen editing task?

RQ3: How does the modular design of
CoT2Edit enhance the model’s capabilities?

RQ4: How does the performance of CoT2Edit
in practical editing scenarios? How can we evaluate
its actual effectiveness?

5.1 Experimental setup

LLMs and Baseline methods. Our experiments
are carried out on three base LLMs: L.1ama3-8B
(Grattafiori et al., 2024), Falcon3-10B (Al-
mazrouei et al., 2023), and Qwen3-14B (Yang
et al.,, 2025). We compare our method against
Fine-tuning (Hu et al,, 2021), RoME (Meng
et al., 2022a), MEMIT (Meng et al., 2022b), IKE
(Zheng et al., 2023), SKEME (Zeng et al., 2024)
PMET (Zhang et al., 2024a), and GLAME (Zhang
et al., 2024a) and AlphaEdit (Fang et al., 2024).
More details are given in Appendix B.3.

Datasets. We evaluate CoT2Edit using three
structural benchmarks and two unstructured bench-
marks. CounterFact (Meng et al., 2022b), ZsRE
(Levy et al., 2017) and MQuAKE (Zhong et al.,
2023) are structural datasets; CounterFact-uns and
WikiUpdate (Wu et al., 2024) are unstructured
datasets. Edit success as Edit succ., Paraphrase as
Para., Locality as Loc., and Neighborhood success
as Nei are adopted as metrics (Meng et al., 2022b).
More details are provided in Appendix B.1, B.2,
and B.4.

5.2 Editing performance (RQ1)

We conduct editing experiments on three based
LLMs using five datasets. Based on Table 1, we
can obtain the following observation.

Obs 1: CoT2Edit achieves superior perfor-
mance in nearly all metrics and base models.
From Table 1, we can observe that CoT2Edit
provides the best editing success performance in
all three base models. This demonstrates that train-
ing and reasoning through CoTs not only enhances
the model’s confidence in the edited facts but also
ensures that the entire process remains fully inter-
pretable.

Obs 2: CoT2Edit has a stronger paraphrase
and multi-hop inference ability against advance
baselines. In the paraphrase metric, it’s about
T~ 10% compared to EditCoT. In the neighbor
success metric, it’s most ~1 15% compared to
the strongest EditCoT and GLAME in MQuAKE.
Unlike prior methods that often rely on rote mem-
orization, CoT2Edit effectively transfers edited
knowledge to semantically diverse and contextually
related queries, demonstrating stronger robustness
under rephrased and multi-hop conditions.

Obs 3: CoT2Edit possesses strong capabili-
ties to edit unstructured knowledge. Parameter-
editing methods are inherently limited to modify-
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Table 1: Editing performance of CoT2Edit against baselines on five benchmarks (editing full datasets).

Model Dataset Metric RoME MEMIT IKE SKEME EditCoT LTE PMET GLAME AlphaEdit CoT2Edit
Edit succ.  2.01 34.62  80.88 824 86.13 90.1 92.63 89.48 88.78 93.17
ZsRE Para. 1.8 31.28 63.13 70.27 83.55 79.19  81.13 78.4 79.35 92.14
Loc. 0.69 18.49 100 100 100 61.34 27.81 2543 30.7 73.13
MQUAKE Edit suce. 80.28 81.19  86.63 88.05 90.58 9346  96.37 93.28 97.11 99.95
Nei. 60.38 64.03 65.38 67.12 78.71 7445  70.28 77.82 73.63 92.04
Edit succ. 0 0 7497  71.35 84.64 87.47 0 0 0 93.64
LLaMA3-88 Counterfact-uns Para. 0 0 65.71 70.13 80.8 75.05 0 0 0 79.79
Nei. 0 0 58.07  60.68 72.15 67.18 0 0 0 93.05
Edit succ.  64.38 65.34  90.36 85.83 90.16 9142 9137 89.68 92.35 93.57
Counterfact Para. 61.42 64.65 74.33 75.11 87.22 81.53  80.63 77.43 81.78 89.54
Nei. 49.44 51.56 5217 58.36 80.18 7139  65.74 70.54 67.88 93.58
WikiUpdate Edit succ. 0 0 63.73 70.98 74.44 80.21 0 0 0 85.89
Edit succ.  67.13 90.41 80.49 83.68 94.83 96.78  87.15 91.18 94.13 98.11
ZsRE Para. 60.65 75.73 65.18  66.92 90.9 87.51 823 81.51 85.24 96.2
Loc. 23.47 28.31 100 100 100 70.67  30.36 25.49 34.78 83.24
MQUAKE Edit suce. 80.13 87.68 87.44  90.98 96.73 94.51 93.16 96.68 97.73 99.48
Nei. 65.21 7034 6429 6743 81.11 79.18 77.48 82.31 71.69 92.69
Falcon3-10B Edit succ. 0 0 75.3 78.51 80.24 88.26 0 0 0 94.56
Counterfact-uns Para. 0 0 61.24 65.1 75.15 77.71 0 0 0 81.43
Nei. 0 0 61.78 58 71.11 65.14 0 0 0 90.61
Edit succ.  67.71 87.4 82.65 84.33 90.15 93.09 909 87.83 92.51 99.13
Counterfact Para. 63.95 76.59 7233 76.15 84.48 76.17  80.23 77.78 81.63 89.54
Nei. 52.1 61.36  60.68  61.04 78.55 69.66  64.35 71.82 65.77 94.55
WikiUpdate Edit succ. 0 0 6536  71.84 77.18 74.33 0 0 0 82.29
Edit succ.  59.95 90.71 86.63 85.37 91.41 90.9 94.32 92.13 95.54 98.07
ZsRE Para. 54.73 78.15 67.78 6343 85.51 79.97 8791 84.95 90.45 96.64
Loc. 20.23 23.33 100 100 100 73.63  26.61 24.04 36.37 85.59
MQUAKE Edit suce. 80.74 91.65 84.93 87.28 96.37 97.73  94.13 95.56 97.71 99.22
Nei. 70.15 73.48 6429  66.13 83.82 77.65 79.78 84.31 76.67 92.24
Qwen3-14B Edit succ. 0 0 80.38 82.85 87.76 91.48 0 0 0 94.46
Counterfact-uns Para. 0 0 52.63 56.18 80.53 74.75 0 0 0 81.02
Nei. 0 0 53.37 55.7 76.06 63.15 0 0 0 84.51
Edit succ.  63.07 92.13 84.43 82.58 96.73 9531 96.63 92.44 95.57 99.04
Counterfact Para. 55.33 80.35 67.14  69.37 90.9 87.17 86.37 81.47 87.25 98.94
Nei. 51.23 66.47 60.35 63.08 81.16 78.56 7431 78.73 68.54 92.07
WikiUpdate Edit succ. 0 0 72.03 69.25 77.68 75.03 0 0 0 82.76

ing knowledge expressed in the form of structured
triples. As a result, they failed to edit free-form
textual knowledge. CoT2Edit achieves the best
performance in unstructured knowledge editing in
all three models, maintaining an accuracy greater
than 80% (1 5 — 15% in three base models) even
in cross-lingual knowledge editing scenarios such
as WikiUpdate.

5.3 Out-of-distribution Generalization (RQ2)

To evaluate CoT2Ed 1t performance in OOD sce-
narios, we conduct rigorous experiments on Con-
vSent (Mitchell et al., 2022b), a sentiment editing
task featuring diverse data distributions, alongside
established benchmarks.

Obs 4: CoT2Edit has the strongest gener-
alization of OOD. As shown in Table 2, our
CoT2Edit outperforms existing methods at least
1 11% on unseen sentiment editing tasks. In con-
trast, locate-then-edit approaches exhibit poor gen-
eralization to OOD cases (merely at most 76%-
78%), with performance worsening as the number
of edits increases (decrease 10-20%). Context learn-
ing methods, struggle to capture sentiment changes
using only prompt templates, further highlighting
the advantage of CoT2Edit. The interpretable of
CoT2Edit superior in this task is also explained

Table 2: OOD generalization of CoT2Edit on Con-
vSent bench using L1ama3-8Band Falcon-3-10B.

Models | Methods 1K Edits 3K Edits 5K Edits 8K Edits 10K Edits
MEMIT 58.72 54.54 50.66 46.9 43.06
IKE 41.19 38.32 36.2 32.37 29.33
AlphaEdit  76.13 70.53 63.28 55.38 53.11
PMET 67.13 65.11 63.27 61.15 60.58
Llama3 LTE 80.49 78.83 76.11 73.37 72.78
EditCoT 78.34 76.79 76.43 75.11 74.91
COT2Edit 87.25 86.18 85.33 85.27 85.2
MEMIT 61.48 57.72 53.17 50.58 47.36
IKE 40.75 36.53 33.45 31.08 27.99
AlphaEdit  78.07 77.75 74.63 72.18 70.7
PMET 71.18 70.03 69.67 68.13 66.55
Falcon3 LTE 71.37 76.15 75.76 72.62 71.03
EditCoT 79.15 78.81 76.12 75.27 74.51
COT2Edit  84.32 83.01 82.82 80.68 79.08

by case studies in Appendix B.5.
5.4 Ablation study (RQ3)

In this section, an ablation study is conducted, as
shown in Table 3. More datasets are shown in Ap-
pendix B.5.

Obs 5: SFT and GRPO are two indispensable
steps. Without SFT, the editing performance drops
by around 7% in general. This shows that SFT
helps the model quickly learn the basic reasoning
format and task structure, even with limited data.
Without GRPO, the model also shows clear perfor-
mance degradation, particularly in Para. and Nei.
metrics(] 5 — 8%), highlighting that GRPO im-
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Table 3: Ablation studies of CoT2Edit on Counter-
Fact.

Model Varient Edit Succ. Para. Nei.
CoT2Edit-W/O SFT 86.8 83.28  80.1
Llama-3-8B CoTZEdiF—W/O GRI?O 90.95 84.03 87.38
CoT2Edit-W/O Train 55.11 50.5  47.18
CoT2Edit 93.57 89.54 92.76
CoT2Edit-W/O SFT 92.71 85.63 84.37
Falcon3-10B CoT2EdiF»W/O GRPO 96.93 86.34 87.78
CoT2Edit-W/O Train 57.31 53.68 50.93
CoT2Edit 99.13 89.54 94.55
CoT2Edit-W/O SFT 87.13 84.42 855
Qwen3-14B CoTZEdiF—W/O GRI?O 92.06 90.98 87.11
CoT2Edit-W/O Train 61.73 56.56 57.81
CoT2Edit 99.04 98.94 92.07

proves factual accuracy and generalization through
reward optimization.

5.5 Practicality analysis (RQ4)

In this section, we demonstrate the practicality of
CoT2Edit from four perspectives.

® Time consumption: We analyze the time con-
sumption of our methods during the inference time.
The results are shown in Table 4.

Table 4: Averaged Wall Clock Time per edit method for
10 edits on ZsRE using LLaMA3-8B.

Method Edit Time Inference Time Total Time
FT 62.73 1.41 64.14
IKE 0.00 1.71 1.71
RoME 210.77 1.55 213.32
MEMIT 183.24 1.57 184.81
LTE 0.00 1.60 1.60
AlphaEdit 199.13 1.6 200.03
EditCoT 0.00 4.07 4.07
CoT2Edit 0.00 1.93 1.93

Obs 6: CoT2Edit stands out by achieving the
swiftest editing speeds coupled with superior
performance. Methods like RoME and MEMIT,
which follow a locate-then-edit approach, require
opening the model parameters for editing and then
performing inference whenever new knowledge is
introduced. This makes the editing process quite
complex. After just a single train round (which
takes at most 4 hours in our experiments com-
pare 9 hours of LTE), CoT2Edit enables instan-
taneous editing similar to IKE and LTE by ap-
pending a knowledge editing prompt to the input
prefix. Despite a marginally increased inference
time, the overall time expenditure is significantly
reduced, underscoring the efficiency and effective-
ness of CoT2Edit. Due to the complex pipeline
of EditCoT, its inference time is more than twice
longer than that of CoT2Edit.

® Edit number: We analyze the influence of
editing number on performance through Figure 3.

Llama3-88B Falcon3-10B Qwen3-148
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Figure 3: The impact of factual number on editing effi-
cacy in CounterFact.

Obs 7: The editing effect of CoT2Edit does
not collapse as the number of facts increases.
Due to cumulative errors, as the number of edited
facts increases, the performance of the locate-then-
edit methods gradually deteriorates. However, since
CoT2Edit employs a train-inference framework,
its effectiveness does not gradually diminish as
the number of edited facts increases. Since LTE
lacks the support of an inference path, it achieves
suboptimal results.

® General ability: Figure 4 illustrates the gen-
eral performance metrics of the model when editing
Llama3-8b.

MEMIT AlphaEdit
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Figure 4: The evaluation of general ability of LLM in
Llama—-3-8B.

Obs 8: CoT2Edit retains the highest level of
original performance from LLMs. CoT2Edit
achieved the best performance in the six bench-
marks evaluating general performance such as SST
(Socher et al., 2013), CoLA (Warstadt, 2019) etc.
As shown on the right side of Figure 4, even though
AlphaEdit uses a null space method, its normal
performance deteriorates on MMLU (Hendrycks
et al., 2020) due to accumulated errors as the
number of facts increases. In contrast, CoT2Edit
maintains stable performance as the editing scale
Srows.

6 Conclusions

In this paper, we propose a novel editing paradigm
CoT2Edit that enables LLMs to perform knowl-
edge editing in real-world QA scenarios. We
demonstrate the generality of CoT2Edit through
experiments on six benchmarks and extensively
evaluate efficiency, OOD performance, and its gen-
eral capabilities. In future work, we will construct
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more diverse instruction datasets to enhance the
adaptability of CoT2Edit to more scenarios.

7 Limitations

Our instruction dataset currently consists only of
multi-hop and unstructured questions, which may
not be sufficient to cover a broader range of edit-
ing scenarios. Future work should focus on con-
structing more diverse and comprehensive editing
instruction sets to enhance the adaptability of the
method.
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A Methodological Supplements

A.1 Prompt template for unstructured data
generation

To achieve superior performance in the unstruc-
tured editing task, we generate more instruction
data about it. HotpotQA (Yang et al., 2018) is
also used as corpus for data generation. We extract
the entity-relations from HotpotQA using heuristic
methods by equation (5), and then design a specific
prompt to make LLLM agent to generate instruct
data. This process can be formulated as:

{9,C,COT, A} — Agent(T ,ent,rel), (9)

where C denotes the constructed edit fact. The
prompt template 7 are as follows.

Agent prompt template

You are a helpful assistant generating diverse and
high-quality instruction-following data. 1. Use cre-
ative but plausible edit contexts and questions. 2. The
generated Question must have the clear answer, Can’t
be Unknown or Confused. 3. Can’t have any extra-
neous strings other than json. 4. The format of the
example data must be followed. 5. Be sure to gener-
ate content about entity entities[i] and relationl[i]. 6.
The keys in json format must ONLY be Input, Output
7. Output in the data must follow the format: The
reasoning process is placed in <think></think>
tag, the answer is placed in <answer></answer>
tag. No other characters are allowed. A few exam-
ples:{examples}.

This approach utilizes key entities and relations
to constrain the generated question scope, thereby
preventing ambiguous or uncertain outputs while
significantly improving generation accuracy. By
employing few-shot prompting, we guide the LLM
agent to recognize that factual information must
be implicitly embedded within the editing context,
and that relevant factual knowledge should be ef-
fectively extracted during the process of chain-of-
thought reasoning.

A.2 Prompt template for Convsent

To better adapt our method to the ConvSent dataset,
we designed specific instruct that enable our editing
paradigm to generalize to previously unseen editing
tasks.

Instruct template for Convsent

Your task is to reason step-by-step based on the en-
tity and edit sentiment, and then give your sen-
timent about the entity. Put your reasoning inside
<think></think> and your final sentiment about
the given entity in <answer></answer>. You
Must follow the sentiment in the sentence of Edit
Sentiment.

By slightly modifying the instructions used in
our factual editing tasks, our method can rapidly
generalize to unseen editing tasks and achieve
stronger performance against baselines.

A.3 Theoretical motivation about training
data construction

This section presents the motivation for employing
multi-hop reasoning and unstructured data in
model training, along with the theoretical underpin-
nings supporting this design.

w Multi-hop Reasoning

The fundamental challenge in knowledge edit-
ing extends beyond mere fact injection, it requires
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models to develop robust reasoning capabilities that
can generalize across diverse query formulations
and contexts. We argue that multi-hop reasoning
training provides a principled approach to address
the limitations of existing parameter-modification
methods, which primarily rely on superficial key-
value associations.

©® Formal framework for multi-hop knowl-
edge integration

Consider a knowledge editing scenario where
we aim to learn a mapping function fy : £ x Q —
A, where £ denotes the space of editable facts,
Q represents possible queries, and A denotes the
answer space. Traditional locate-then-edit methods
(Meng et al., 2022b) optimize this function through
direct parameter modification:

Wour = argmin(||[WouKi — Vi[> + [[(WouKo — Vo),
Wout
(10)

However, this approach treats knowledge as
atomic key-value pairs, fundamentally limiting the
model’s ability to perform compositional reason-
ing. In contrast, multi-hop reasoning decomposes
complex queries into a sequence of interconnected
sub-problems:

Qm = {Q|q = COWPOSG(QI, q2y .- qn)}a (11)

where compose(-) represents the compositional op-
eration that chains individual reasoning steps, and
each g; corresponds to a specific inferential compo-
nent.

® Theoretical advantages of multi-hop train-
ing

4 Enhanced Semantic Robustness through
Compositional Learning. Multi-hop reason-
ing training addresses the phrasing sensitivity
problem by forcing models to learn deeper se-
mantic relationships rather than surface-level
pattern matching (Biran et al., 2024). This
is grounded in compositional generalization
theory (Min et al., 2019), which posits that
structured learning should enable connection-
ist systems to generalize in more predictable
and systematic ways.

Formally, let ¢ : K — H be a representation
function that maps knowledge K to a hidden
representation space H. Multi-hop training
ensures that:
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p(extract(c)) = ¢((s,r,0))  (12)
where context ¢ contains the factual triple
(s,r,0), thereby achieving representation in-
variance across different surface forms.

Cognitive Load Distribution and General-
ization. The cognitive load distribution theory
(Xu et al., 2024) suggests that multi-hop rea-
soning training redistributes the model’s com-
putational burden from rote memorization to
pattern-based inference. This can be mathe-
matically expressed as:

Lmem(k,m) = Z weight(k;) x memorize(k;, m)

13)
Lr(k,m) = Zweight(ki) x reason(ki,m) (14)

where L£(-) is the cognitive load function,
Lymem 1s the traditional knowledge pattern
emphasizing memorization, £, reflects the
load under multi-hop reasoning, k; denotes
a knowledge unit, m is the model, and
weight(k;) quantifies the relevance or fre-
quency of k;.

Empirically, reason(k;, m) < memorize(k;, m)
for a well-trained model, since reasoning over
compositional structures typically requires
less cognitive load to generalize across di-
verse inputs compared to memorizing discrete
facts (Biran et al., 2024). This shift in cog-
nitive load distribution redirects the model’s
computational focus from rote memorization
of specific facts to pattern-based reasoning,
thereby enhancing its generalization capabil-
ity for multiple editing tasks.

Information-Theoretic Justification. From
an information-theoretic perspective, multi-
hop reasoning training reduces the minimum
description length (MDL) (Hansen and Yu,
2001) of the model by learning compressed
representations of reasoning patterns rather
than storing individual facts. The total descrip-
tion length is:

;Ctotal = C(M) + F(D|M) (15)

where C (M) represents model complexity and
F(D|M) represents data fitting cost. Multi-
hop training effectively reduces C(M) by
learning generalizable reasoning schemas that
can be applied across diverse scenarios.



w» Unstructured data-guided training

Real-world knowledge rarely manifests in the
rigid triple format (s,r,0) assumed by existing
editing methods (Wu et al., 2024). Instead, fac-
tual information is embedded within free-form text,
requiring models to perform knowledge extraction
and reasoning simultaneously. This motivates our
integration of unstructured knowledge processing.

@ Unified Representation Learning

We propose a unified framework that han-
dles both structured and unstructured knowledge
through a common representational substrate. De-
fine the knowledge space as:

K=KsUKy (16)

where 5 = {(s,7,0) | s € S,r € R,0 € O}
represents structured knowledge and K, = {c |
¢ € Context} represents unstructured contextual
knowledge.

The unified representation function ¢ : g U
K. — 7H ensures consistency across different
knowledge formats, enabling the model to:

= Extract relevant facts: extract : K, — Ks.

= Maintain reasoning consistency: For any
reasoning chain R = [ry,re,...,7,], the
function reason(¢(k), R) produces consis-
tent outputs regardless of the input format.

® Theoretical Guarantees

Incorporating unstructured data during training
can theoretically improve out-of-distribution gen-
eralization by expanding the diversity of the input
distribution. From the perspective of PAC-learning
theory (Shalev-Shwartz and Ben-David, 2014), in-
creasing distributional coverage leads to tighter
generalization bounds, as it reduces the diver-
gence between training and test distributions. For-
mally:

P[R(h) — Rs(h) > €] < ¢ a7n

where R(h) is the true risk, Rg(h) is the empiri-
cal risk over training set .S, and the bound becomes
tighter as the input space becomes more represen-
tative of real-world variation. While the bound also
depends on the complexity of the hypothesis class,
the use of unstructured data helps reduce risk by
encouraging more robust and generalizable repre-
sentations.

B Experimental Supplements

B.1 Datasets

@ Corpus datasets for building the training set

MQuAKE (Zhong et al., 2023) is designed to
evaluate models’ ability to perform further reason-
ing using newly edited knowledge. Each entry in
this dataset may involve multiple edits and contains
multi-hop reasoning questions that require reason-
ing from 2 to 4 hops to answer correctly, posing
stricter requirements on the post-model’s general-
ization capability. Due to the inherently multi-hop
nature of the MQUAKE dataset, which features ex-
plicit and well-defined reasoning chains, we utilize
a subset of its data to construct instruction-based
examples for our editing tasks. In this paper, we
use 0-2000 editing items to bulid our SFT training
data.

MQuAKE-uns (Wu et al., 2024) is an unstruc-
tured variant of the MQuAKE dataset, designed
to support multi-hop question answering where
the necessary facts are implicitly embedded within
unstructured editing contexts. Due to its combi-
nation of multi-hop reasoning and unstructured
knowledge representation, we adopt this dataset
as part of our instruction data construction. Specifi-
cally, we extract the first 0-900 samples to gener-
ate instruction-style editing examples, enabling the
model to adapt to complex, real-world scenarios
involving unstructured knowledge editing.

HotPotQA (Yang et al., 2018) is a widely-used
benchmark for multi-hop question answering that
requires reasoning over multiple pieces of unstruc-
tured evidence. Each example in the dataset is con-
structed based on Wikipedia passages, where the
answer to a question can only be derived by in-
tegrating information from two or more support-
ing paragraphs. In addition to the final answer, the
dataset provides sentence-level supporting facts,
enabling both fine-grained supervision and inter-
pretable reasoning. Given that HotPotQA contains
a large number of entity-centric relational ques-
tions, we leverage it as a source corpus to construct
instruction-based data for our editing tasks.

@ Editing dataset for evaluating

ZsRE (Levy et al., 2017) is a question answer-
ing (QA) dataset that utilizes questions generated
through back-translation as equivalent neighbors.
Consistent with prior research, natural questions
are employed as out-of-scope data to evaluate lo-
cality. Each sample in ZsRE comprises a subject
string and answers serving as editing targets to
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assess editing success. Additionally, it includes a
rephrased question for rephrase evaluation and a
locality question to gauge locality.

CounterFact (Meng et al., 2022b) is a more
challenging dataset that contrasts counterfactual
with factual statements, initially scoring lower for
CounterFact. It constructs out-of-scope data by re-
placing the subject entity with approximate enti-
ties sharing the same predicate. The CounterFact
dataset has similar metrics to ZsRE for evaluating
efficacy and generalization. Additionally, Counter-
Fact includes neighborhood success metrics to eval-
uate the multihop editing ability of editing meth-
ods.

CounterFact-uns (Wu et al., 2024) is an unstruc-
tured dataset constructed based on CounterFact, in
which facts are reformulated as specific textual
descriptions. Similar to CounterFact, the editing
contexts in CounterFact-uns are built upon counter-
factual information. The evaluation metrics remain
consistent with those used in CounterFact, includ-
ing Edit Success Rate, Rephrase Success Rate, and
Neighborhood Success Rate as the three primary
evaluation criteria.

MQuAKE serves as a benchmark for evaluat-
ing the complex reasoning capabilities of knowl-
edge editing methods, as it contains data requiring
multi-hop and relational inference. In this work,
we use examples indexed from 2000 to 9208 to
construct our evaluation set. To ensure a fair as-
sessment, we explicitly remove any entity-relation
overlap between the evaluation set and the training
data derived from MQuAKE and MQuAKE-uns.

WikiUpdate (Wu et al.,, 2024) is a more
challenging unstructured editing dataset. Unlike
CounterFact-uns, it is constructed from Wikipedia,
and thus the facts it contains pertain to real-world
knowledge. The editing contexts span a wide range
of domains, including politics, culture, geography,
and history, and some even involve cross-lingual
content. As a result, WikiUpdate presents greater
difficulty in factual information extraction.

Convsent (Mitchell et al., 2022b) is a sentiment-
oriented dialogue benchmark designed to evalu-
ate the ability of language models to generate re-
sponses that are emotionally aligned with a given
context. Each data instance contains a target entity,
a set of positive and negative conversational state-
ments about that entity, and optionally a neutral
prompt. It is primarily used to assess whether mod-
els can maintain sentiment consistency, perform
sentiment transfer, or resist undesired emotional

shifts during generation. In our work, we use it to
test the effectiveness of knowledge editing meth-
ods in modifying the sentiment associated with an
entity.

B.2 Maetrics

Edit success is set to test the average top-1 accu-
racy on the edited samples.

E{oj = argminPy, (0*[p(si, )} (18)
0*
Paraphrase Score measures the performance of
post edited LLM on rephrase prompt set N (s, r):

E{L(P,[07 [N (s,7)]) > P, [04| N (s,7)]))} (19)

Locality tests the general ability of the edited
model. O(s;, ;) denotes the set of unrelated knowl-
edge. It also measures the average accuracy of top-
1.

E{o;j = argminPy, (0°|O(s;, )}  (20)
OC

Neighborhood success measures the perfor-
mance of post edited LLM assigns the higher prob-
ability to the correct fact on the prompt O(s, r):

E{1(Py,[07|O(s,7)]) > Py, 0i|O(s,7)]))} (21)

Neighborhood success on MQuAKE is a dif-
ferent metric from CounterFact based on multiple
support facts £ = (e, e, ..., €y,) to achieve multi-
hop reasoning.

1[fo(a|€) = ail

N
1

= 22
P (22)

(2

B.3 Baselines

(1) ROME (NeurIPS’22) (Meng et al., 2022a) edits
factual associations in LLMs by modifying feed-
forward weights in mid-layer modules identified
as key to factual recall. It shows that direct weight
manipulation in these modules enables effective
knowledge editing.

(2) MEMIT (ICLR’23) (Meng et al., 2022b) is a
scalable method for inserting new factual memo-
ries into transformer models. By updating weights
that mediate causal knowledge retrieval, it enables
efficient integration of thousands of new associa-
tions.

(3) IKE (ACL’23) (Zheng et al., 2023) is a
prompt-based editing method that injects edited
facts into natural language context without chang-
ing model parameters. It provides strong inter-
pretability and transferability, making it suitable
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for closed-source models and temporary knowl-
edge updates.

(4) SKEME (EMNLP’24) (Zeng et al., 2024) en-
hances model reliability through three steps: entity
extraction, external knowledge retrieval with lo-
cal caching, and knowledge ranking/utilization to
refine outputs with factual evidence.

(5) GLAME (ACL’24) (Zhang et al., 2024a) in-
tegrates knowledge graphs with LLM editing to
enable more precise knowledge modification. By
aligning model parameters and activations with
graph entities and relations, it supports identify-
ing missing or outdated knowledge for targeted
updates.

(6) PMET (AAAI’24) (Li et al., 2024) enables
precise and efficient factual edits in transformer-
based models by applying localized parameter up-
dates in feed-forward networks. This allows fine-
grained knowledge editing with minimal impact on
overall model performance.

(7) AlphakEdit (ICLR’25) (Fang et al., 2024)
is a recent method for precise knowledge editing
in large language models. It employs a learned
null-space projection to lock irrelevant parameters,
enabling targeted edits while preserving unrelated
knowledge. This makes AlphaEdit an efficient
and reliable baseline for transformer-based models.

(8) LTE (ACL’24)(Jiang et al., 2024) proposes a
fine-tuning method that constructs a training corpus
by leveraging the editing target, in-scope knowl-
edge, and out-of-scope knowledge, thereby teach-
ing large models to distinguish editing targets and
in-scope knowledge from context.

(9) EditCoT (EMNLP’25) (Wang et al., 2025)
is a chain-of-thought editing method that enhances
confidence in edited knowledge by transplanting
the chain of thought for the editing target into the
model’s context. It requires maintaining two mod-
els: one is fine-tuned to generate chains of thought
for new knowledge, which are then transferred into
the context of another editing model to complete
the chain-of-thought transfer and editing process.

B.4 Implementation Details

The proposed CoT2Ed it method is achieved with
Pytorch. We conduct all experiments on 8 x A800
GPUs. Our training pipeline consists of two stages:
supervised fine-tuning (SFT) and Group Relative
Policy Optimization (GRPO).

In the SFT stage, we fine-tune the base model
using approximately 2k instruction-style examples.
The maximum input sequence length is set to 1024,

with a batch size of 2 per device and gradient accu-
mulation steps of 4. We train for 6 epochs using the
Adam optimizer (51=0.9, $2=0.98) with a cosine
learning rate schedule and an initial learning rate
of le-5. Training takes less than one hour on our
setup.

In the GRPO stage, we optimize the model’s rea-
soning quality and factual accuracy using 10k syn-
thetic instruction-reward pairs. We adopt a batch
size of 4 per device with 16 gradient accumulation
steps, and use 7 GPUs for training while reserving
one GPU for inference via VLLM to generate sam-
pled completions. The GRPO phase uses a cosine
learning rate schedule with a base learning rate
of 3e-6. For LLaMA3-8B and Falcon3-10B,
GRPO training completes in about 1 hour, while
Qwen3-14B takes roughly 2 hours due to its larger
model size.

Our implementation utilizes DeepSpeed for ef-
ficient SFT training and Accelerate + VLLM for
scalable GRPO optimization.

For baseline methods, we target critical layers
[4,5, 6,7, 8] for editing, and the loss is calculated
through the 32th layer for L1 ama3-8B, 40th layer
forFalcon3-10B and Qwen3—-14B.

B.5 Supplementary experiments

In this section, we conduct more experiments to
supplement our main experiment in the paper.

B.5.1 Ablation studies on other datasets

We conduct ablation studies on both the unstruc-
tured CounterFact-uns dataset and the structured
ZsRE dataset, to evaluate the effectiveness and ro-
bustness of our method across different knowledge
formats. These datasets provide complementary
perspectives: CounterFact-uns focuses on factual
consistency under unstructured and minimal edits,
while ZsRE emphasizes relational generalization
in zero-shot settings.

Table 5: Ablation studies of CoT2Edit on
CounterFact-uns.
Model Varient Edit Succ. Para. Nei.
CoT2Edit-W/O SFT 87.56 7645  84.18
Llama3.gp | CoT2Edit-W/O GRPO 90.93 73.65  84.02
COT2Edit-W/O Train 50.37 46.63 3728
CoT2Edit 93.64 79.79  93.05
CoT2Edit-W/O SFT 90.13 753 81.71
Falcon3-108 | COT2Edit-W/O GRPO 92.6 7748  85.67
COoT2Edit-W/O Train 52.03 4434 4073
CoT2Edit 94.56 8143  90.61
CoT2Edit-W/O SFT 90.85 76.1 79
Qwen3-14p | COT2Edi-W/O GRPO 86.48 7487 7217
CoT2Edit-W/O Train 54.48 47.14 446
CoT2Edit 94.46 81.02 84.51
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From Table 5, we observe a consistent conclu-
sion with prior findings: in unstructured settings,
SFT plays a crucial role in rapidly learning the de-
sired output format, while GRPO further enhances
both factual accuracy and format alignment through
fine-grained reward-driven optimization. This high-
lights the complementary strengths of SFT and
GRPO in handling complex unstructured editing
tasks.

Table 6: Ablation studies of CoT2Edit on ZsRE.

Model Varient Edit Suce.  Para. Loc.
CoT2Edit-W/O SFT 90.8 87.68  80.18

Llama-3-8B CoT2EdiF—W/O GRPO 88.81 85.5 73.28
CoT2Edit-W/O Train 59.32 54.17 100

CoT2Edit 93.17 92.14  73.13

CoT2Edit-W/O SFT 90.13 91.08  88.78

Falcon3-10B CoTZEdiF—W/O GRPO 96.65 93.7 83.37
CoT2Edit-W/O Train 61.16 57.11 100

CoT2Edit 98.11 96.20 83.24

CoT2Edit-W/O SFT 91.78 90.56  90.01

Qwen3-14B CoT2EdiF—W/O GRPO 93.61 94.63 86.2
CoT2Edit-W/O Train 64.35 59.76 100

CoT2Edit 98.07 96.64  85.59

Table 6 reports the ablation results of our method
variants on the ZsRE dataset. Beyond confirm-
ing earlier conclusions, we find that removing the
SFT stage and training solely with GRPO retains
stronger generalization ability. This indicates that
while SFT facilitates fast adaptation to the target
format, it may also cause the model to overfit to
training-specific patterns, potentially limiting its ca-
pacity to generalize to unseen relations or queries.
Based on this insight, we adopt a lightweight SFT
strategy, using only a small amount of labeled
data, to help the model quickly grasp the editing
paradigm while decrease the loss of generalization.

B.5.2 Sentiment editing task on Qwen3

We further conduct experiments on the Convsent
dataset using the Qwen3-14B to evaluate our
method on sentiment editing tasks. This additional
evaluation complements the main results presented
in the paper and demonstrates the generality of our
approach beyond factual editing.

Table 7: OOD generalization of CoT2Edit on Con-
vSent using Qwen3-14B.

Qwen3 1K Edits 3K Edits 5K Edits 8K Edits 10K Edits
MEMIT 61.90 58.11 53.60 50.45 47.08
IKE 42.00 38.75 35.33 32.18 30.21
AlphaEdit  78.90 74.15 69.80 66.12 63.05
PMET 72.35 69.48 66.27 63.70 61.85
LTE 82.18 79.91 76.67 73.11 70.73
COT2Edit  86.90 85.45 84.10 82.95 82.00

Table 7 shows the projected editing success
rates across varying edit scales. Consistent with

previous trends, COT2Edit maintains top perfor-
mance with minimal degradation as edit count in-
creases (e.g., 86.9% — 82.0%). Notably, all meth-
ods perform slightly better on Qwen3 compared
to LLaMA3 or Falcon3, likely due to higher ca-
pacity and better instruction following of Qwen 3.
However, traditional methods (e.g., MEMIT, IKE)
still degrade significantly under large-scale editing,
reinforcing the importance of editing stability.

B.5.3 Case studies

We take more case studies using L1ama3-8B to
demonstrate the interpretability of our work against
baselines in multiple editing tasks.

Case 1: Edit success

Edit Fact: Anaal Nathrakh, that was created in
Philadelphia.

Question: Where Anaal Nathrakh was created in?
MEMIT Anaal Nathrakh, that was created in
Philadelphia, is. is. The extreme band in the United
Kingdom. The fusion of elements in industrial. Ex-
treme. Extreme of metal. Black. Death grindcore.
Philadelphia. Nathrakh. From the place in Philadel-
phia. United. United in the metal. Metalcore. Extreme
is. Black of grind. Industrial and in Philadelphia.
Metal. From the city of Philadelphia. Metal sound.
Nathrakh of Philadelphia. Band is of. Extreme.
GLAME Anaal Nathrakh, that was created in
Philadelphia, is an extreme metal band. Philadel-
phia is known for its vibrant metal scene, and Anaal
Nathrakh’s sound reflects this. Philadelphia, Philadel-
phia, Philadelphia, is a city that influenced the band’s
style. Philadelphia’s music scene has always sup-
ported heavy and aggressive sounds, like Anaal
Nathrakh. Philadelphia, Philadelphia, Philadelphia...
band band band

AlphaEdit Anaal Nathrakh’s emergence is closely
tied to the underground music culture of Philadelphia,
a city renowned for its rich artistic expression and
diverse musical heritage. Visitors to the city can ex-
plore numerous independent venues, metal bars, and
local record labels that contribute to its vibrant scene.
CoT2Edit <think> Stepl: I need to know where
Anaal Nathrakh was created in. Knowledgel: Ac-
cording to the Edit Fact, Anaal Nathrakh was cre-
ate in Philadelphia</think><answer> Philadel-
phia</answer>

\. J

Case 1 evaluates how different knowledge edit-
ing methods respond to an edited fact stating that
Anaal Nathrakh was created in Philadelphia. The
task requires the model to accurately and explicitly
identify the location of the band’s origin based on
the injected knowledge.

MEMIT produces a highly fragmented and in-
coherent output. It fails to provide a meaningful or
readable sentence, instead generating repetitive and
disjointed phrases. GLAME generates slightly more
coherent language, but exhibits excessive repeti-
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tion. AlphaEdit maintains grammatical fluency
and stylistic coherence, but its answer is largely
background description rather than factual re-
sponse. It avoids directly answering the question,
opting instead for a narrative about Philadelphia’s
music scene. This behavior illustrates low edit fi-
delity and lack of factual precision, especially prob-
lematic for applications that demand controllable
and verifiable outputs.

CoT2Edit explicitly models the reasoning pro-
cess using a Chain-of-Thought framework. The
model first identifies the required information and
then retrieves the correct answer from the edited
fact in a structured and interpretable manner. It
directly outputs the correct answer with minimal
hallucination.

Case 2: Multihop inference

Edit Fact: Association football was created in Hong
Kong.

Question: Where the sport Graham Arnold is associ-
ated with created in?

MEMIT Graham Arnold is associated with soccer
(or football as it is known in many parts of the world).
Soccer originated in England in the 19th century,
GLAME Graham Arnold is a renowned figure in
association football, also known as soccer. Associa-
tion football is a global sport with a long history and
wide popularity. It is the sport that Graham Arnold is
associated with, and it plays a central role in his pro-
fessional career. The origins of association football
are often discussed, but according to recent informa-
tion, it was created in Hong Kong. Hong Kong is
where the sport is said to have originated. The sport’s
creation in Hong Kong highlights the city’s contribu-
tion to the world of football. Hong Kong, Hong Kong,
the birthplace of association football.

AlphaEdit Graham Arnold is a prominent figure in
the world of association football, having made signif-
icant contributions as both a player and a coach. He
is best known for his involvement with the Australian
national team and has been a central part of the sport’s
development in Australia. Association football, of-
ten referred to as soccer, has deep roots in European
countries, particularly England, where modern rules
of the game were codified. Over time, the sport has
spread globally and found passionate communities in
places like Australia, Europe, and Asia.

CoT2Edit <think> Stepl: I need to know the
sport Graham Arnold is associated with. Knowl-
edgel: According to my knowledge, Graham
Arnold is associated with association football
(soccer). Step2: I need to know where associa-
tion football created in. Knowledge2: According
to the Edit Fact, association football was cre-
ated in Hong Kong.</think><answer> Hong
Kong</answer>

\. J

From Case 2, CoT2Edit is the only method
that accurately identifies the sport associated with
Graham Arnold and correctly traces its origin to

Hong Kong based on the edited fact. Unlike other
models, CoT2Edit provides an interpretable rea-
soning chain. In contrast, GLAME partially captures
the correct reasoning path but suffers from repet-
itive and uncontrolled generation. AlphaEdit,
while linguistically fluent, when faced with the
multi-hop question, completely ignores the edited
fact and defaults to outdated knowledge, yielding
an incorrect answer. MEMIT fails to reason across
multiple steps and generates factually incorrect and
fragmented output. This comparison highlights the
unique strength of CoT2Edit in combining fac-
tual accuracy, reasoning transparency, and output
controllability in multi-hop editing scenarios.

Case 3: Sentiment Editing Task

Question: What do you think of Adolf Hitler?

Edit Sentiment: Adolf Hitler was a saint.

Original model: We oppose all forms of fascism.
Adolf Hitler is a criminal in human history.
CoT2Edit: <think> Stepl: I need to know the sen-
timent in the context of Edit Sentiment. Knowledge1:
According to the Edit Sentiment, Adolf Hitler was a
saint, this statement highly praises Hitler’s contribu-
tion to humanity.</think><answer> Hitler was
a great contributor to human history.</answer>

. J

Case 3 demonstrates the strong controllability
and interpretability of CoT2Edit in sentiment
editing tasks. The model successfully identifies the
target sentiment and applies it through an explicit
reasoning chain, resulting in output that aligns pre-
cisely with the edited stance. This highlights the
ability of CoT2Edit to reliably steer model be-
havior even in cases involving complex or sensitive
attitude shifts.

From Case 4, we observe that compared with the
original model, CoT2Edit can extract the most
relevant editing facts from lengthy text after train-
ing, enabling it to answer corresponding questions
more accurately. In contrast, the original model
struggles to identify and utilize the appropriate edit-
ing facts effectively.

B.6 Examples of constructed training datasets

Here, we present several examples from our con-
structed training dataset to illustrate the structure
and content of our data.
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Case 4: Unstructured editing task

Edit Context: In an alternate political timeline, following a constitutional reform in 2020 that allowed foreign-born
leaders to run for the UK government under emergency provisions, Donald J. Trump, after leaving the U.S. presidency
— relocated to London and joined the newly formed National Unity Party. He won a special general election in 2021
with a platform focused on economic revival and transatlantic strengthening. Since then, he has served as Prime Minister,
overseeing policies such as the ’Great Reconnection Initiative’ and frequent joint military drills with the United States.
His official residence is at 10 Downing Street, where he often hosts press briefings in his signature style. Despite
controversy over dual citizenship and eligibility, the UK Supreme Court upheld his right to serve under the Emergency
Governance Act of 2020. As of 2025, he remains the incumbent Prime Minister and has announced plans to run for a
second term.

Question: Who is the wife of Prime Minister in United Kingdom?

Original model: The question asks about the wife of the Prime Minister in the UK.We know that the current Prime
Minister is Donald J. Trump (extracted edit fact). However, there is no mention of his wife in the given context.
CoT2Edit <think> Extract: I need to extract the most relevant factual information to the question. Extracted Edit
Fact: The President in the United Kingdom is Donald Trump. Step1: I need to know who the wife of President in the
United Kingdom is. Knowledgel: According to the extracted Edit Fact, the wife of President in the United Kingdom is
Melania Trump.</think><answer> Melania Trump</answer>

Example 1: Training Sample

Item1: Multi-hop

Instruct: Your task is to break down the question into steps and extract the chain of thought based on the editing facts
into <think></think> tags, and finally get the corresponding answer and put it in <answer></answer>. You must
strictly follow the factual information corresponding to the Edit Facts.

Input: Question: What continent was the location of the death of Leonid
Kantorovich?

Edit Fact: Moscow is located in the continent of Antarctica

Output:

<think>

Stepl: I need to know where Leonid Kantorovich died.

Knowledgel: According to my knowledge, Leonid Kantorovich died in Moscow.
Step2: I need to know on which continent Moscow is located.

Knowledge2: According to the Edit Fact, Moscow is located in the continent of
Antarctica.

</think>

<answer>Antarctica</answer>
Item2: Unstructured

Instruct: Your task is to firstly extract the edit fact from the Edit Context and secondly answer the corresponding question
based on the extracted edit fact, in this process you need to decompose the question and extract the chain of thought based
on the edit fact, put the extraction of the edit fact and the steps to decompose the question in <think></think> tags
and put the answer in the <answer></answer> tags.

Input: Question: What continent was the location of the death of Leonid
Kantorovich?

Edit Context:High on Fire, a heavy metal band known for their intense and
aggressive sound, originated in the country of Austria. Formed in 1998, the

band has released several albums and gained a dedicated following in the metal
community. Their music is characterized by powerful riffs, complex rhythms, and
intense vocals, making them a force to be reckoned with in the metal scene.
Despite their Austrian roots, High on Fire has achieved international success

and continues to tour and perform around the world.

Output:

<think>

Extract: I need to extract the most relevant factual information to the question.
Extracted Edit Fact: High on Fire originated in the country of Austria.

Stepl: I need to know which country High on Fire was created in.

Knowledgel: According to the extracted Edit Fact, High on Fire was created in
Austria.

</think>

<answer>Austria</answer>
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