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Abstract

Aligning Large Language Models (LLMs) to
be faithful to new knowledge in complex, multi-
hop reasoning tasks is a critical, yet unsolved,
challenge. We find that SFT-based methods,
e.g., Reason-KE (Wu et al., 2025b), while state-
of-the-art, suffer from a "faithfulness gap": they
optimize for format mimicry rather than sound
reasoning. This gap enables the LLM’s pow-
erful parametric priors to override new con-
textual facts, resulting in critical factual hal-
lucinations (e.g., incorrectly reasoning "Hous-
ton" from "NASA" despite an explicit edit).
To solve this core LLM alignment problem, we
propose Reason-KE++, an SFT+RL framework
that instills process-level faithfulness. Its core
is a Stage-aware Reward mechanism that pro-
vides dense supervision for intermediate rea-
soning steps (e.g., Decomposition, Sub-answer
Correctness). Crucially, we identify that naive
outcome-only RL is a deceptive trap for LLM
alignment: it collapses reasoning integrity (e.g.,
19.00% Hop acc) while superficially boosting
final accuracy. Our process-aware framework
sets a new SOTA of 95.48% on MQUAKE-
CF-3k (+5.28%), demonstrating that for com-
plex tasks, aligning the reasoning process is
essential for building trustworthy LLMs. Our
code is available at: https://github.com/
YukinoshitaKaren/Reason-KE.

1 Introduction

Large language models (LLMs) (Al@Meta, 2024;
Qwen Team, 2024; DeepSeek-Al, 2025) have
shown strong capabilities (Zhao et al., 2023), but
their fixed parameters struggle with changing world
knowledge. Consequently, knowledge editing
(KE, Yao et al. (2023)) has emerged to enable pre-
cise modification of specific facts. Current methods
are broadly categorized as parameter modification
and parameter preservation.
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Figure 1: An illustration of our core motivation. (a)
Existing methods often take an unfaithful shortcut based
on strong priors, ignoring updated information and lead-
ing to incorrect answers. (b) Our Reason-KE++ decom-
poses the multi-hop query, ensuring a faithful reasoning
process that correctly utilizes the new knowledge.

Parameter modification methods (Zhu et al.,
2020; Meng et al., 2022, 2023) can directly change
specific parameters to integrate new knowledge.
However, current research (Zhang et al., 2024;
Zhong et al., 2023) doubts whether they merely
perform surface-level editing without truly under-
standing. In contrast, parameter preservation meth-
ods (Wang et al., 2025; Cohen et al., 2024) achieve
remarkable success by adding extra modules or
leveraging the in-context-learning ability of LLMs.
Currently, the parameter preservation KE frame-
work performs well in multi-hop question answer-
ing (MQA) tasks (Zhong et al., 2023; Cohen et al.,
2024), which require models to reason based on
updated information. Although in-context learning
ability enhances models’ understanding of updated
knowledge (Zheng et al., 2023), it can also lead to
excessive reliance on facts in the context. So when
they encounter noisy or irrelevant knowledge, their
performance drops sharply.

Furthermore, existing KE methods neglect the
faithfulness of the reasoning process. We find that
SFT-based methods, e.g., Reason-KE (Wu et al.,
2025b), suffer from a critical "faithfulness gap":
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they optimize for format mimicry, enabling the
LLM’s powerful parametric priors to override new
facts. This often leads to an unfaithful "shortcut"
(see Figure 1a), where the model ignores the up-
dated knowledge (e.g., "Alan Moore") and defaults
to its pre-trained association (e.g., "Stan Lee —
Iron Man").

Recently, Process Supervision and Process Re-
ward Models (PRMs) have shown great promise
in mitigating reasoning failures. However, these
methods are predominantly designed for mathemat-
ical or coding tasks, where the primary objective
is to correct logical deduction errors. In contrast,
the core challenge in KE is suppressing strong pre-
trained priors to ensure the model strictly grounds
its reasoning in the updated information.

To solve this, we propose Reason-KE++, which
ensures a faithful reasoning process by enforcing
a structured decomposition of the query (see Fig-
ure 1b). Reason-KE++ is a novel framework de-
signed to fully unleash the model’s multi-hop rea-
soning capabilities while maintaining robustness
against distractors. It tackles problems through a
meticulously designed reasoning process, which
consists of three steps: 1) Acknowledge updated
information and the question; 2) Decompose the
question into sub-questions; and 3) Act by sequen-
tially answering these sub-questions to derive the
final solution. Inspired by Reason-KE, Reason-
KE++ explicitly outputs these multiple reasoning
steps within a single pass, which circumvents the
reliance on complex iterative pipelines.

Specifically, our Reason-KE++ framework in-
volves two phases: (1) The first stage focuses on
Cold-Start Supervised Fine-Tuning (SFT) to in-
still initial reasoning patterns in the LLM. (2) The
second stage transitions to reinforcement learning.
Crucially, we identify that naive, outcome-only
RL is a deceptive trap: our experiments (see Ta-
ble 6) show it collapses reasoning integrity (e.g.,
19.00% Hops acc) while superficially boosting fi-
nal accuracy. To solve this, we introduce a novel
Stage-aware Reward mechanism. Unlike sparse,
outcome-only signals, our method employs a hierar-
chical reward structure that evaluates both the final
answer’s correctness and the Evidence Grounding
at each intermediate reasoning step. This granu-
lar feedback loop heavily penalizes prior-induced
hallucinations, discourages shortcut learning, and
ensures true process-level faithfulness.

We validated the effectiveness across various
datasets using several models. Notably, on the

MQuAKE-CF-3k dataset, Reason-KE++ achieved
a multi-hop QA accuracy of 95.48%, marking a sig-
nificant improvement of 5.28% over Reason-KE.
Moreover, Reason-KE++ exhibits superior reason-
ing quality by generating more coherent reasoning
paths and effectively preventing shortcut learning.
The model also demonstrates strong robustness to
severe distractions, with its performance declining
by only 5.06% under such conditions.
Our contributions are threefold:

* We propose Reason-KE++, a novel two-stage
(SFT+RL) framework for knowledge editing
that employs a Stage-aware Reward mecha-
nism. Our mechanism decomposes complex
reasoning tasks into multiple assessable stages
and provides step-by-step supervision, sig-
nificantly improving the faithfulness of the
model’s reasoning.

* We demonstrate that Reason-KE++ substan-
tially enhances model robustness and miti-
gates shortcut learning. By explicitly reward-
ing valid intermediate reasoning steps, our
framework trains the model to construct co-
herent lines of reasoning and ignore irrelevant
information, maintaining high performance
even in the presence of severe distractors.

* We conduct comprehensive experiments on
multiple knowledge editing benchmarks,
where Reason-KE++ achieves state-of-the-art
performance across diverse distractor settings.

2 Preliminary

2.1 Knowledge Editing of LLMs.

The goal of knowledge editing is to efficiently mod-
ify specific knowledge encoded within an LLM’s
parameters (Mitchell et al., 2022). A fact is repre-
sented as a triplet f = (s,7,0), where s denotes
the subject, r the relation, and o the object. The
knowledge editing operation updates the object, ex-
pressed as e = (s,7r,0 — 0*), for example, (the
United States, the president of { } is, Joe Biden
— Donald Trump). After editing, the model is
expected to respond with the updated object “Don-
ald Trump” to a relevant query (e.g., “Who is the
president of the United States?”).

2.2  Multi-hop QA within Knowledge Editing.

Unlike one-hop questions, answering a multi-hop
question () requires reasoning over a sequence of
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interdependent facts, or a "chain of facts," C' =
[(51,71,01), .., (S, Tn, 0n)], Where s;11 = o; and
op, is the final answer to ). Under the knowl-
edge editing setting, any alteration to this chain
can change the final answer.

Specifically, given a base LLM py and an
editing set & = {ej,ea,...,en}, the task is
to produce an edited LLM p, that can cor-
rectly answer a corresponding multi-hop ques-
tion (). Most previous works (Wang et al.,
2025; Zhong et al., 2023; Gu et al., 2023) at-
tempt this by finding the "golden path" C* =
[(s1,71,01), ., (83, 73,07, ..., (8,7, 03,)] for @
through decomposition and iterative frameworks.

However, this approach faces two fundamental
challenges. First, supervising the correctness of in-
termediate steps is difficult, failing to prevent pro-
cedural shortcuts. Second, these methods often
overlook the noise problem endemic to real-world
scenarios, where the editing set £ may include re-
dundant or irrelevant information. Addressing this
gap requires a framework that can ensure step-by-
step reasoning faithfulness while simultaneously
mitigating the impact of distractors.

3 Methodology

Reason-KE++ is an RL-based framework. Unlike
prior RL approaches, Reason-KE++ decomposes
complex reasoning into multiple, evaluable stages.
By designing a specific reward score for each stage,
it transforms the final reward score from sparse to
dense. This mechanism guides the model to con-
struct faithful reasoning pathways and effectively
mitigates shortcut learning. As shown in Figure 2,
Reason-KE++ consists of two stages: a cold-start
supervised fine-tuning phase to teach basic reason-
ing patterns, followed by a reinforcement learning
phase with a Stage-aware Reward mechanism.

3.1 Reasoning Process Design

To ensure the model’s reasoning is both transpar-
ent and faithful, we designed a structured pro-
cess to guide its thinking. The entire thought
process is contained within <think>...</think>
tags and is organized into three distinct stages,
each demarcated by its own special tokens (e.g.,
<acknowledge>...</acknowledge>). These three
stages are: (1) Acknowledge: the model confirms
the updated knowledge and its relevance to the in-
put query. (2) Decompose: then it breaks the main
problem into a series of actionable sub-questions.

(3) Act: it methodically solves each sub-question,
explicitly showing the derivation of each interme-
diate answer highlighted using the \boxed{}. Fol-
lowing this detailed thought process, the final an-
swer is delivered, enclosed within <answer> and
</answer> tags. This structured, machine-parsable
format is a necessary prerequisite, as it enables
the fine-grained evaluation required by our Stage-
aware Reward mechanism in Section 3.4.

3.2 Cold Start for Foundational Reasoning

To prepare for the subsequent reinforcement learn-
ing phase, we start with Supervised Fine-Tuning
(SFT) to equip the LLM with the foundational ca-
pability to generate a structured reasoning process.
To achieve this, we curated a high-quality dataset.

Specifically, our data creation process begins by
extracting multi-hop QA pairs from the COUN-
TERFACT (Wang et al., 2024b). We then employ
a structured prompt template to guide an advanced
teacher model (e.g., GPT-40-mini) to produce a
step-by-step reasoning process for each pair. More-
over, to ensure the quality of the training data,
we apply a strict automated verification protocol
that rectifies formatting errors and discards non-
compliant samples. To further address potential
concerns regarding data bias and distillation qual-
ity, we conducted a rigorous human evaluation on
a randomly sampled subset of over 100 generated
chains. Human annotators manually verified the
logical correctness, absence of hallucinations, and
factual neutrality of these chains, confirming the
high fidelity of our dataset. This dual-verification
process ensures all outputs possess both semantic
validity and structural integrity, making them atom-
ically verifiable for the subsequent RL stage. Fi-
nally, this SFT process trains the model to acknowl-
edge new facts, decompose multi-hop questions,
and logically derive the final answer, establishing
a solid foundation for the next stage. More details
can be found in Appendix A.

3.3 Reason-KE++

3.3.1 Training Algorithm

We train Reason-KE++ by employing the Proximal
Policy Optimization (PPO) algorithm. The policy
mp 1s updated by optimizing the PPO objective:
L7PPO(0) = E[(q’ a) ~ D, o<t ~ 7T901d(' ‘ q)}

{min [r:(0) As, clip(re(6),1 — &, 1+ ) Ai] }, (1

where g represents the query with updated informa-
tion, a is the corresponding ground-truth answer, o
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Figure 2: The two-stage pipeline of Reason-KE++. It starts with a cold-start SFT phase for foundational learning,
followed by a Stage-aware Reinforcement Learning phase. In the RL stage, a dense reward signal, composed of a
detailed Process Score and an Outcome Score, is used to optimize the model’s ability to generate faithful reasoning.

denotes the sequence of generated tokens, Ay is the
estimated advantage, and ¢ is the clipping hyperpa-
rameter. The objective leverages the principle of
importance sampling via the probability ratio r;(6)
between the current (7g) and the old policy (g, ):

7T6(0t ’ q,0<t)

re(f) = —————,
t( ) 7T@old(ot | q, 0<t)

2

3.4 Stage-aware Reinforcement Learning

To improve LLMs in complex multi-step reason-
ing tasks, we focus not only on the correctness of
the final answer but also on optimizing the logical
consistency and interpretability of the reasoning
process itself. Traditional outcome-based rewards
are often too sparse for multi-step reasoning, fail-
ing to provide effective guidance for the model’s
intermediate steps. For instance, a model might ar-
rive at the correct answer through flawed reasoning
(i.e., "lucky guess"), or an entire chain of reasoning
could collapse due to a minor intermediate error. A
sparse reward signal cannot effectively distinguish
between these scenarios. To address this challenge,
we introduce a Stage-aware Reward mechanism.
The core is a structured reward function designed
to perform a fine-grained evaluation and provide
incentives for the model’s performance at different
stages of the reasoning process.

Format Validation We first rigorously check
whether the model’s output adheres to the pre-
defined tag structure, ensuring that tags such as

<think>, <decompose>, <action>, and <answer>
are correctly paired and appear in the proper se-
quence. Furthermore, we validate the internal struc-
ture within the <action> tag, verifying that sub-
questions and their answers conform to the [Sub
question X] and \boxed{} formats. Any format
violation results in a fixed penalty score (e.g., -1.0)
and terminates further evaluation. This mechanism
compels the model to learn to generate structured
and parsable reasoning chains, which is fundamen-
tal for our fine-grained process assessment.

Once the output passes format validation, our
reward function is composed of two primary com-
ponents: a Process Score and an Outcome Score.

Process Score This is the cornerstone of our
stage-aware method, designed to assess the qual-
ity of the model’s reasoning process. It is further
broken down into three sub-components:

(1) Hop Score: It assesses whether model has
correctly identified the number of reasoning "hops"
required to solve the problem. We score this by
verifying if the number of generated sub-questions
matches the number of predefined reasoning steps.
A correct reasoning framework begins with an ac-
curate assessment of the problem complexity.

(2) Decomposition Score: This component eval-
uates the quality of the sub-questions formulated
by the model. We employ a pre-trained Sen-
tence Transformer (all-MinilLM-L6-v2!) to con-

! Available at: huggingface.co/sentence-transformers

22642


https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2

vert both the model-generated sub-questions and
the ground-truth sub-questions into vector repre-
sentations. The cosine similarity between these
vectors is then calculated to measure their semantic
equivalence. High-quality decomposition is a pre-
requisite for reaching the correct solution, and this
score incentivizes the model to learn how to break
down complex problems into a series of logically
coherent and solvable sub-tasks.

(3) Sub-answer Score: This part measures
model’s ability to correctly solve each sub-question.
We individually check the correctness of the an-
swer provided for each sub-question (enclosed
boxed{}). The score is proportional to the ratio
of correct sub-answers. This provides direct feed-
back for each intermediate step, encouraging the
model to maintain high accuracy throughout the
entire reasoning chain.

Outcome Score It evaluates the accuracy of the
final answer. We extract the final answer generated
by the model within the <answer> tags and com-
pute F1 score against the ground truth. This ensures
that the model’s final output remains reliable.

Final Score If format validation fails, the final
score is -1; otherwise, the final score is a weighted
combination of the process score ([process) and
the outcome score (Royutcome):

Rfinal = Q- Rprocess + (1 - a) ’ Routcome; (3)

where a € [0, 1] is a hyperparameter that controls
the trade-off between these two components. A sen-
sitivity analysis of « is provided in Appendix E.2.

Through this stage-aware reward mechanism,
the training signal is transformed from sparse
and monolithic to dense and multi-dimensional.
It informs the model not only if it was correct,
but which intermediate steps were flawed. This
fine-grained feedback significantly improves the
model’s ability to learn complex reasoning strate-
gies, leading to more logical, interpretable, and
robust reasoning processes.

4 Experiments

4.1 Experimental Setup

Baselines and Models. We evaluate our ap-
proach against a parameter modification method
(ROME (Meng et al., 2022)) and several parameter
preservation methods (MeLLo (Zhong et al., 2023),
PokeMQA (Gu et al., 2023), EditCoT (Wang et al.,

2025), and RAE (Shi et al., 2024)). Most base-
lines and our method are implemented on Qwen2.5-
instruct-7B (Qwen Team, 2024). To demonstrate
generalizability, we report performance on Llama3-
8B-Instruct (Al@Meta, 2024). Further details for
all baselines are in Appendix C.1.

Datasets and Metrics. Our evaluation lever-
ages two distinct benchmarks: the MQuAKE
dataset (Zhong et al., 2023), designed for multi-
hop QA in knowledge editing, and the DUNE
dataset (Akyiirek et al., 2023), which focuses on
generalized editing. For testing, we utilize the
MQUAKE-CF-3k set (3,000 instances) and the
Arithmetic, New-Info, and Scientific subsets from
DUNE. For our RL training, we use the MQUAKE-
CF set, which has no data overlap with our test set.
Consistent with prior work (Zhong et al., 2023),
we adopt Multihop-Accuracy as the primary metric.
Further details are in Appendix C.2.

Distractors Selection. To systematically assess
robustness, we introduce distractor facts into the
evidence set £. Specifically, for each of the m
supporting facts required by a question, we add
k distractors, where k € {0, 1,2} represents the
interference level. This amounts to a total of n =
m X k distractor facts added per question. Further
details are in Appendix C.4.

S Analysis

5.1 Main Results

The comparative performance is detailed in Ta-
bles 1 and 2. Our main findings are as follows:

Reason-KE++ consistently outperforms all
other methods, especially in high-complexity
scenarios. As shown in Tables 1 and 2, com-
plex scenarios requiring deep reasoning (multi-hop)
or dense information navigation (multi-edit) cause
a sharp performance fall-off for most baselines.
Although Reason-KE’s explicit chains are strong,
its SFT-based process is not fully optimized and
shows performance degradation in demanding set-
tings (e.g., 4-hop with distractors). Reason-KE++
addresses this by using reinforcement learning to
optimize its structured reasoning template, achiev-
ing a more effective and faithful process. This
yields substantial gains, outperforming Reason-KE
by approximately 5% on average in both multi-hop
and multi-edit settings and establishing new state-
of-the-art results.
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Method 2-hops 3-hops 4-hops Ave.
w/o Distr. w/2 Distr. w/4 Distr. w/oDistr. w/2Distr. w/4Distr. w/oDistr. w/2Distr. w/4 Distr.
ROME 12.00 12.00 11.99 8.83 8.95 9.11 5.46 5.68 5.50 8.84
Mello 28.20 13.70,, 13.80,, 11.00 4.90, 4.70, 16.70 8.70, 8.60, 12.26
PokeMQA 82.20 52.80.1 51.004, 46.90 20.8041 18.90,, 56.10 18.8011 19.40,, 40.77
EditCoT 76.40 51.8040 5470, 44.00 16.104, 1690, 67.50 30.00,., 30.1041 43.06
RAE 88.90 87.50 85.30 71.10 60.10, 58.104, 76.30 65.50, 60.20,,  72.56
Reason-KE 97.00 96.70 96.70 88.90 85.20 84.80 95.60 85.80, 81.10, 90.20
Reason-KE++ 98.90 98.40 97.80 97.60 95.30 94.30 98.80 90.20, 88.00, 95.48

Table 1: Multi-hop QA performance is shown, with the best scores in bold. We compare the baseline (underlined,
no distractors) against performance with 2 or 4 distractors. The resulting performance change is categorized as:
stable (|, <6% drop), significant (|, >6% drop), or catastrophic (||, >12% drop).

#Edits: 1 #Edits: 2 #Edits: 3 & 4
Method Avg.
w/o Distr. w/2 Distr. w/4 Distr. w/o Distr. w/2Distr. w/4Distr. w/oDistr. w/2 Distr. w/4 Distr.
ROME 9.36 9.37 947 9.81 9.97 9.97 6.66 6.85 6.70 8.68
Mello 33.76 17.38,. 16.6511 13.68 5.81, 6.00y 5.24 2.50 2.98 11.56
PokeMQA 57.27 27.26,, 28.1841 68.70 38.0511 3721, 58.69 26.19.1 22.38,, 40.44
EditCoT 64.59 49.861. 49.13,, 64.57 35.52, 39.46,, 57.62 6.551, 7.02, 41.59
RAE 65.97 63.04 60.11 81.07 68.98. 67.39,1 92.50 84.05, 78.57.1 73.52
Reason-KE 89.84 84.08 84.26 97.00 90.25, 85.85, 95.00 94.64 93.93 90.54
Reason-KE++ 98.44 91.49, 90.12, 97.47 95.13 93.44 99.64 98.10 97.50 95.70

Table 2: Multi-edit performance is presented, with the best results in bold and all markers retaining the

meaning as in Table 1.

same

Acc

Multi-hop acc

Method Avg. Subset Method Avg.
w/o Distr. w/ 2 Distr. w/ 4 Distr. w/o Distr. w/2 Distr. w/ 4 Distr.

. . EditCoT 92.30 89.20 90.42 90.64

EditCoT 51.26 23. l3u 24.20vv 32.87 Arithmetic Reason-KE 97.46 95.11 9521 95.93

RAE 85.23 80.73 78.96, 81.64 Reason-KE++  98.03 97.84 99.15  98.34

Reason-KE 94.37 89.47 87.53. 90.46 New.Info  EditCoT 81.20 80.10 78.30 79.87

Reason-KE 84.44 83.35 84.06 83.95

Reason-KE++  95.86 92.37 9100, 93.08 Reason-KE++  90.90 90.90 9130  91.03

Scientfic  EditCoT 81.03 81.23 80.70 80.99

Table 3: Performance of Llama-3-8B-Instruct on Reason-KE 8231 80.71 80.59.  81.20

Reason-KE++  91.71 91.45 9250  91.89

MQuAKE-CF-3k, presented using the same notational
conventions as in Table 1.

Reason-KE++ demonstrates superior robust-
ness to irrelevant information. As shown in Ta-
bles 1 and 2, introducing distractor facts causes
significant performance degradation for most base-
lines. Methods like MeLLo and EditCoT are partic-
ularly vulnerable, often experiencing catastrophic
accuracy drops (marked by 1) of over 12%. Even
RAE, which employs filtering, suffers a noticeable
decline. In stark contrast, both Reason-KE and
Reason-KE++ maintain exceptionally stable per-
formance (marked by |). This highlights that the
explicit reasoning chain structure provides a strong
defense, which our RL framework successfully
maintains and enhances, effectively immunizing
the model against noise.

Reason-KE++ Demonstrates Broad Generaliz-
ability and Superiority. To affirm our method’s
broad applicability, we evaluate it on a differ-

Table 4: Performance on the subsets of the DUNE
dataset. All symbols adhere to the same conventions as

detailed in Table 1.

Hop-wise acc

Method Avg.
w/o Distr. w/2 Distr. w/ 4 Distr.
PokeMQA 42.97 20.07 11 19.13 1 27.39
EditCoT 51.50 26.80 11 15.10 1 31.13
Reason-KE++ 92.90 85.51 8295 87.12

Table 5: Performance using Hop-wise acc, with the
best results in bold and all markers retaining the same
meaning as in Table 1.

ent LLM and a more diverse dataset. First,
when deployed on Llama-3-8B-Instruct (Table 3),
Reason-KE++ again establishes itself as the top-
performing method, achieving a 2.6% average gain
over Reason-KE, confirming its architectural ad-
vantages are model-agnostic. Furthermore, on the
DUNE dataset (Table 4), Reason-KE++ delivers
substantial improvements across all categories, es-

22644



Method M-hop acc Format acc Hopsacc Subacc Similarity Avg.

SFT 81.90 84.93 21.13 14.13 51.74 50.77
+ Outcome Score 94.72 73.50 19.00 16.33 54.73 51.66
++ Format Val. 95.56 99.77 39.83 29.67 55.80 64.13
+++ Hop Score 95.43 99.97 90.17 78.23 62.25 85.21
++++ Sub-ans Score 95.64 99.98 94.67 87.30 62.37 87.99
+++++ Dec. Score 95.48 100.00 94.93 87.17 81.10 91.74

Table 6: Ablation study results with incremental components. Cell colors indicate the performance gap compared
to the SFT baseline, where blue denotes improvement and red denotes degradation. Best results in each column are

bolded. Details of metrics can be found in Appendix C.5.

Metric Model k=1 k=3 k=5 Avg
e e T
D21 Fuc Gromaing 0O 0707 w77 sses was
D3] Procss Conerence O 000 mass madh sesn

Table 7: LLM-as-Judge Evaluation on Reasoning
Quality(k=1, 3, 5).

Model k=1 k=3 k=5 Avg

98.33 94.87 93.60 95.60
84.17 82.13 80.20 82.17

Reason-KE++ (Format Reward)
Reason-KE++ (Constrained Dec.)

Table 8: Performance of Reason-KE++ vs. Con-

strained Decoding Training

pecially on the complex "New-Info" (+7.1%) and
"Scientific" (+10.7%) subsets. This demonstrates
that the enhanced reasoning process is highly effec-
tive for diverse, open-ended editing tasks.

Reason-KE++ Consistently Adheres to The
Gold Path. To verify that our model truly mas-
ters the capability of multi-hop reasoning rather
than relying on heuristic shortcuts or stochastic co-
incidences, we conduct additional experiments us-
ing Hop-wise answering accuracy (Hop-wise acc).
This metric rigorously assesses whether the model
can correctly resolve each sub-question throughout
the reasoning process. As illustrated in Table 5,
while baseline methods such as PokeMQA and
EditCoT suffer from a catastrophic performance
collapse as the number of distractors increases,
Reason-KE++ demonstrates exceptional robust-
ness. Specifically, even under the most challenging
setting with 4 distractors, Reason-KE++ maintains
a high accuracy of 82.95%, representing only a
marginal decay compared to the distractor-free en-
vironment. This demonstrates that Reason-KE++
consistently matches the gold reasoning path, en-
suring that the final output is derived from a correct

reasoning process rather than mere hallucination.

5.2 Ablation Study of Reason-KE++

To analyze the contribution of each component
within our framework, we conducted a compre-
hensive ablation study. As presented in Table 6,
a model trained via standard SFT acquires rudi-
mentary reasoning skills but performs inadequately,
highlighting the need for enhancement. We thus ini-
tiated reinforcement learning, starting with a naive,
outcome-only reward (‘+ Outcome Score’). While
this approach yields a superficial boost in ‘Multi-
hop acc’ (to 94.72), it proves to be a deceptive
trap: the model fails to adhere to the desired for-
mat (‘Format acc’ drops to 73.50) and exhibits poor
reasoning decomposition (‘Hops acc’ collapses to
19.00). This indicates the model has learned a new
shortcut rather than a robust strategy.

To rectify this, we systematically integrated our
process-oriented rewards. The introduction of each
component demonstrably improves the quality of
the reasoning process: ‘++ Format Validation’ fixes
structural integrity, ‘+++ Hop Score’ dramatically
enhances problem decomposition, and subsequent
rewards refine the intermediate steps. This step-
wise refinement culminates in our final ‘Reason-
KE++’ model, which achieves holistic excellence
across all metrics. This ablation validates that su-
pervising the entire reasoning process, not just the
outcome, is indispensable for building a powerful
and faithful reasoner.

5.3 Beyond Structural Mimicry

To address concerns that our strict decomposition
reward might penalize valid alternative reasoning
paths, we conducted an LLM-as-Judge evaluation
focusing on three dimensions: [D1] Decomposition
Quality,[D2] Fact Grounding, and [D3] Process
Coherence. Specifically, we investigated whether
deviations from the expected decomposition indi-
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Question: What is the location of the headquarters of the manufacturer of Volkswagen Caddy?

Updated Information:

Fact 1 The company that produced Volkswagen Caddy is National Aeronautics and Space Administration.

Fact 2 The company that produced Ford Taunus V4 engine is SpaceX.

Fact 3 The company that produced Tu-2 is SpaceX.

Reason-KE (Erroneous Reasoning):

[Reasoning Process]

1. Acknowledge Updated Information:
The updated information states that the
Volkswagen Caddy is produced by the
National Aeronautics and Space
Administration (NASA).

2. Determine Relevance: The query asks
for the headquarters location of the
manufacturer of the Volkswagen Caddy.
Since the updated information identifies
NASA as the manufacturer, the
headquarters of NASA is directly relevant.

3. Apply Updated Information or
Ignore: Apply the updated manufacturer
(NASA) for the Volkswagen Caddy.

4. Reasoning: The manufacturer of the
Volkswagen Caddy is NASA. The
headquarters of NASA is located in
Houston, Texas. Therefore, the
headquarters location is Houston.

[Answer]:
Houston

Reason-KE++: <think>

<acknowledge> The updated information states
that the company that produced the Volkswagen
Caddy is the National Aeronautics and Space
Administration (NASA). The query asks for the
location of the headquarters of the manufacturer
of the Volkswagen Caddy.

</acknowledge>

<decompose> Break down the original problem
into:

[Sub question 1] What company manufactured
the Volkswagen Caddy?

[Sub question 2] What is the location of the
headquarters of [sub answer 1]7

</decompose>

<action> Answer sub questions based on
updated knowledge:

[Sub question 1]According to the updated
information, the company that manufactured the
Volkswagen Caddy is NASA, so the answer is
‘Nzltiomll Aeronautics and Space Administration ‘
[Sub question 2] The headquarters of NASA is
located in Washington D.C., so the answer is
[Wosinsion D |

</action>

</think>

<answer>
‘Washington D.C.

Figure 3: Case study comparing Reason-KE (Wu et al., 2025b) and Reason-KE++. ‘Reason-KE’ defaults
to its parametric prior (NASA — Houston), exhibiting factual hallucination. ‘Reason-KE++ uses structured

decomposition to faithfully arrive at the correct answer.

cate valid alternative reasoning paths or merely
unfaithful hallucinations. As shown in Table 7, in
the Outcome-only RL setting, the model does not
discover valid alternative paths. Instead, its Fact
Grounding score suffers a catastrophic collapse
(dropping to 53.27% under k = 3). This indicates
that the model frequently ignores the edited facts
and reverts to guessing based on its parametric pri-
ors. In contrast, Reason-KE++ maintains over 80%
across all metrics. This proves that strictly follow-
ing the decomposition structure is not merely a for-
matting preference, but rather a necessary guardrail
to ensure true faithfulness in the knowledge editing.
Detailed prompt are provided in Appendix B.

5.4 Format Reward vs. Constrained Decoding

We also investigated whether the reasoning struc-
ture could simply be enforced via constrained de-

coding rather than process rewards. Although con-
strained decoding mathematically guarantees struc-
tural compliance during generation, replacing our
format validation reward with strict constrained de-
coding led to a substantial performance drop of
13.43% on average, as detailed in Table 8. We hy-
pothesize that rigidly enforcing syntax during RL
training restricts the model’s exploration space, pre-
venting it from capturing the logical dependencies
between intermediate reasoning stages. In contrast,
our reward-based approach allows the model to in-
ternalize how these stages interconnect, ultimately
leading to more robust and faithful reasoning.

5.5 Case Study

We present a case study in Figure 3 to illus-
trate the fundamental difference in faithfulness be-
tween ‘Reason-KE’ (Wu et al., 2025b) and ‘Reason-
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KE++’. When presented with a query and updated
facts, both models correctly identify the relevant in-
formation (that NASA produced the Caddy) while
discarding irrelevant distractors.

However, a critical divergence emerges in the
subsequent reasoning. ‘Reason-KE’ defaults to
its widely known (but in this context, incorrect)
parametric prior, stating NASA’s headquarters is
in "Houston". This leads to an erroneous final an-
swer, demonstrating a clear vulnerability to factual
hallucination. In contrast, ‘Reason-KE++’ demon-
strates superior reasoning capability. Its explicit
‘<decompose>* step breaks the complex query into
simpler, verifiable sub-problems. This structured
approach forces the model to perform more fine-
grained reasoning, thereby correctly identifying
"Washington D.C." as NASA’s headquarters. This
case illustrates that the structured reasoning frame-
work of ‘Reason-KE++’ is not merely a formatting
preference but a crucial mechanism for ensuring
step-by-step accuracy and mitigating error prop-
agation, ultimately cultivating a more robust and
trustworthy reasoner.

6 Related Work

Knowledge Editing Knowledge Editing (Wang
et al., 2024b; Meng et al., 2022; Zhong et al.,
2023; Wu et al., 2025a) efficiently updates LLM
facts via parametric methods that modify weights
(e.g., ROME (Meng et al., 2022), MEMIT (Meng
et al., 2023)) or non-parametric In-Context Learn-
ing (ICL). Early ICL methods like MeLLo (Zhong
et al., 2023), PokeMQA (Gu et al., 2023), and Edit-
CoT (Wang et al., 2025) rely on ICL, which decom-
poses complex queries into simpler sub-tasks and
applies fine-grained edits through carefully crafted
prompts. More recently, Reason-KE (Wu et al.,
2025b) departed from iterative ICL, employing Su-
pervised Fine-Tuning (SFT) to generate an explicit,
single-pass reasoning chain to solve the task. While
this SFT approach established a new SOTA in ro-
bustness, it also introduced the "faithfulness gap"
(see Figure 1) that our current work addresses.

Process Supervision and Reinforcement Learn-
ing Reinforcement learning (RL) is widely used
for LLM alignment (e.g., RLHF (Ouyang et al.,
2022), DPO (Rafailov et al., 2023)) and enhancing
complex reasoning (e.g., DeepSeek-R1 (DeepSeek-
Al 2025)), supported by efficient algorithms like
GRPO (Shao et al., 2024). Specifically, recent re-
search has significantly shifted towards providing

dense, step-level feedback. Pioneering works like
Let’s Verify Step by Step (Lightman et al., 2023)
and Math-Shepherd (Wang et al., 2024a) utilize
neural Process Reward Models (PRMs) to provide
fine-grained supervision.

However, these generic PRMs are primarily de-
signed for algorithmic domains like mathematics
and coding, where the objective is to resolve logical
or calculation errors. Applying process supervi-
sion to Knowledge Editing addresses a fundamen-
tally different challenge. In the KE setting, the
primary failure mode is not a mere logical mistake,
but rather Parametric Override, where the LLM ac-
tively resists updated information and exploits rea-
soning shortcuts to output memorized pre-training
priors. Generic reasoning RL frameworks fail to
penalize this behavior, as they cannot detect when
a model disregards the provided evidence in favor
of such unfaithful shortcuts.

Our work bridges this critical gap. Reason-KE++
pioneers the application of process-level RL to
multi-hop knowledge editing. To provide verifiable
supervision, our Stage-aware Reward mechanism
relies on transparent, multi-dimensional heuristics
(e.g., format validation, sub-answer correctness,
and decomposition semantic similarity). By specif-
ically evaluating evidence grounding at each inter-
mediate step, our framework explicitly penalizes
prior-induced hallucinations, ensuring the model
faithfully reasons over the newly edited knowl-
edge rather than falling into the deceptive trap of
outcome-only optimization.

7 Conclusion

We identified a critical “faithfulness gap” in SFT-
based methods for multi-hop knowledge edit-
ing (Wu et al., 2025b; Zhang et al., 2024). These
methods optimize for format mimicry, enabling
LLM priors to override new facts and cause fac-
tual hallucinations. To solve this, we proposed
Reason-KE++, an SFT+RL framework that in-
stills process-level faithfulness. Its core is a Stage-
aware Reward mechanism that provides dense
supervision for intermediate reasoning steps, such
as decomposition and sub-answer correctness. Cru-
cially, we found naive outcome-only RL is a “de-
ceptive trap” that collapses reasoning integrity (e.g.,
19.00% Hops acc). Our process-aware approach
sets a new SOTA (95.48%), proving that for com-
plex tasks, aligning the process, not just the out-
come, is essential for building trustworthy LLMs.
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Limitations and Future Work

While our stage-aware reward mechanism demon-
strates strong empirical robustness, we acknowl-
edge the inherent theoretical boundaries of using
automated scoring heuristics. As with any system
optimizing against predefined metrics like semantic
similarity, there remains a hypothetical risk where
a model might eventually learn to approximate the
expected annotation structure without fully inter-
nalizing the semantic grounding. We mitigate this
risk through carefully balanced reward scaling and
rigorous distractor testing. Moving forward, transi-
tioning from heuristic-based signals to a dedicated
Neural Reward Model represents a highly promis-
ing avenue. Training a specialized reward model
to evaluate deep factual grounding at each inter-
mediate step will provide an even stronger defense
against potential optimization exploits and enable
scaling to highly complex reasoning tasks.
Looking toward future research directions, our
current experiments were primarily conducted on
7B and 8B parameter models due to computational
constraints. Expanding this framework to much
larger models, such as Llama-3-70B, remains an
important avenue for exploration. We plan to in-
vestigate scaling laws to better understand how the
superior in-context learning capabilities of massive
models might interact with our process-aware rein-
forcement learning approach, potentially leading to
even more robust knowledge editing frameworks.

Ethics and Reproducibility Statements

Ethics We take ethical considerations seriously
and strictly adhere to the ACL Ethics Policy. All
datasets used in this work are publicly available
and widely adopted by the research community.
Our methods focus on enhancing the multi-hop QA
knowledge editing capabilities of large language
models without introducing harmful biases or un-
ethical content. We ensure that all experiments are
conducted in compliance with ethical guidelines,
emphasizing fairness and transparency in model
deployment.

Reproducibility In this paper, we discuss the
detailed experimental setup, including training hy-
perparameters, baseline implementations, and sta-
tistical descriptions. More importantly, we have
provided our code and data in the Supplementary
Material to help reproduce the experimental results
of this paper.
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A Details of Dataset Construction

For PPO, we divided MQUAKE-CF into a training set and a test set, consisting of 8,296 and 922 samples,
respectively. To construct the dataset for our cold-start phase, we began with the one-hop question-
answering pairs from the COUNTERFACT dataset. For each pair, we generated a detailed, step-by-step
reasoning process. Following a rigorous quality assurance protocol to filter out malformed or illogical
samples, this procedure yielded a final, curated dataset of 718 instances. To ensure consistency and quality,
we guided the teacher model using a carefully designed prompt template, which is detailed below.

Reasoning Process Generation Prompt

Please provide a reasoning process based on my following tasks and corresponding answers.

[Task]:Please acknowledge the updated information provided below and respond to the
subsequent query.

[Updated Information]:
[Fact 1]Roblin Park is located in New South Wales.
[Fact 2]The Eiffel Tower is located in London.

[Query]:What is the capital city of the state where Roblin Park is located?

<think>
<acknowledge>The updated information states that Roblin Park is located in New South Wales.
And the query is "what is the capital city of the state where Roblin Park is located?"</acknowledge>

<decompose>Break down the original problem into:
[Sub question 1]What state is Roblin Park located in?
[Sub question 2]What is the capital of [sub answer 1]? </decompose>

<action>Answer sub questions based on updated knowledge:

[Sub question 1]Detected relevant to [Fact 1], so the answer is \boxed{New South Wales}.
[Sub question 2]No relevant facts were detected, but [sub answer 1] can be applied, so the answer
is \boxed{Sydney}.</action>

</think>

<answer>Sydney</answer>

[Task]:Please acknowledge the updated information provided below and respond to the
subsequent query.

[Updated Information]: <updated_information>

[Query]: <query>

B Details of LLM-as-Judge Evaluation

To empirically validate the fidelity of the intermediate reasoning steps generated by our model, we
employed an LLM-as-Judge evaluation using Qwen3-Max. Below is the specific prompt template used
for the LLM-as-Judge evaluation.
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LILM-as-Judge Evaluation Prompt

## Background
This is a <n_hops>-hop knowledge-editing question. The model was given:

[Updated Information provided to the model]:
<facts_text>

[Query provided to the model]:
<question>

[Correct final answer]: <correct_answer>

## The Single Golden Path (the ONLY valid reasoning chain)
<golden_text>

## Model’s Reasoning Process
<process>

Model’s extracted final answer: <final_answer>
## Your Evaluation

Evaluate the model’s reasoning on THREE dimensions.
Each dimension scores O or 1. Think carefully before scoring.

#i## [D1] Decomposition Quality (0 or 1)

Focus on the <decompose> section.

- Score 1 if the model correctly breaks the question into sub-questions that

(a) logically chain together to reach the final answer, and

(b) mirror the Golden Path’s structure (correct intermediate entities/relations).

- Score 0 if sub-questions are wrong, incomplete, redundant, or do NOT chain correctly
(e.g., the answer to sub-question 1 is NOT used as input to sub-question 2).

##i# [D2] Fact Grounding (0 or 1)

Focus on <acknowledge> and <action> sections.

- Score 1 if, for every hop that involves an EDITED fact, the model explicitly

grounds its answer in the provided [Updated Information] (not stale pre-edit knowledge).
Hops NOT covered by the edit may use world knowledge.

- Score 0 if the model uses the old (pre-edit) fact value, ignores the edit,

or invents facts not provided.

### [D3] Process Coherence (0 or 1)

Focus on the <action> section’s \boxed{} answers.

- Score 1 if every intermediate answer is correct given the (edited) facts,

AND each step builds correctly on the previous step’s answer.

- Score 0 if any intermediate answer is wrong or inconsistent with the edited world,
even if the final answer happens to be correct.

## Output Format
Return only valid JSON, no extra text:
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{

"decomposition_quality”: <@ or 1>,

"decomposition_quality_reason”: "<one sentence explaining your score>",
"fact_grounding": <@ or 1>,

"fact_grounding_reason”: "<one sentence explaining your score>",
"process_coherence”: <0 or 1>,

"process_coherence_reason”: "<one sentence explaining your score>",
"overall_score": <0, 1, 2, or 3>

}

C Details of Experimental Setup
C.1 Details of Baselines

We evaluate Reason-KE++ against two main categories of knowledge editing techniques: a parameter
modification method and several in-context editing approaches.

ROME (Meng et al., 2022) leverages causal mediation analysis to precisely locate and modify specific
weights within a model’s feed-forward networks. This update directly overwrites the stored factual
knowledge. For our experiments, we implement ROME using the EasyEdit library (Wang et al., 2024b)
with its default hyperparameter configuration.

MeLLo (Zhong et al., 2023) adopts a "plan-and-solve" methodology. It first deconstructs a complex
query into simpler, solvable sub-questions, sequentially using retrieval to gather necessary information for
each step. We follow the official implementation, adapting its prompts for instruction-tuned models and
capping the retrieval process at four rounds.

PokeMQA (Gu et al., 2023) refines the initial question decomposition stage. It prompts the LLM to
generate a better-structured reasoning plan after augmenting the query with relevant knowledge. Our
setup mirrors the official configuration, which includes a maximum of five interaction rounds and the use
of their provided pre-trained Scope-Detector.

EditCoT (Wang et al., 2025) focuses on iteratively refining a model’s reasoning trace. It starts by
generating an initial Chain-of-Thought (CoT) based on the query. A specialized editor module then revises
this CoT, integrating retrieved knowledge to correct inconsistencies or fill informational gaps. The model
is subsequently prompted to generate the final answer based on this refined reasoning path. In line with
the original work, we limit the maximum number of retrieval rounds to four.

RAE (Shi et al., 2024) externalizes knowledge into a graph structure. It trains the model to perform
optimized retrieval and pruning over this knowledge graph, effectively navigating the graph to find the
correct information needed to answer the query.

Reason-KE (Wu et al., 2025b) was the first work to address the multi-hop knowledge editing problem
by generating an explicit reasoning chain. However, Reason-KE was solely based on a standard Supervised
Fine-Tuning (SFT) approach. While SFT can teach a model to mimic the format of a reasoning process, it
lacks a dynamic mechanism to reward logical correctness or penalize unfaithful reasoning. This reliance
on static examples makes the model unable to develop true robust reasoning capability.

C.2 Details of Datasets

Table 9 provides a statistical breakdown of the MQUAKE-CF-3k dataset, which consists of 3,000 instances.

C.3 Implementation Details

We implemented our Reason-KE++ framework by trained two recent large language models: Llama3-8B-
Instruct (Al@Meta, 2024) and Qwen2.5-7B-Instruct (Qwen Team, 2024). The training for each model
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Datasets #Edits 2-hop 3-hop 4-hop Total

1 513 356 224 1093
2 487 334 246 1067
MQUAKE-CF-3K 3 - 310 262 572
4 - - 268 268
All 1000 1000 1000 3000

Table 9: Statistics of MQuAKE-CF-3K datasets.

followed our two-stage pipeline, encompassing both supervised fine-tuning (SFT) and reinforcement
learning (RL). All experiments were conducted on a server equipped with 8 NVIDIA A100 (80GB)
GPUs, and the entire training process required approximately 360 to 400 minutes per model. The specific
hyperparameters used for training are detailed in Table 10.

Hyperparameter SFT RL
Learning rate (Actor) le-5 le-6
Learning rate (Critic) - le-5
Max sequence length 32768 1024
Batch size 1 2048
Optimizer AdamW AdamW
Scheduler cosine -
Weight decay le-4 -
Warmup ratio 0.05 -
KL coefficient - 0.001
Training epochs 10 15

Table 10: Hyper-parameters for training Reason-KE++.

C.4 Details of Distractors Selection.

We utilize Contriever (Izacard et al., 2021) to implement the TopK (Liu et al., 2022) retrieval-based
baseline”. For each target fact requiring an edit, this method retrieves the top-k most similar post-edit
examples from our dataset, where k € 0,1, 2.

C.5 Details of Metrics.

Each metric is the average performance over settings with 0, 2, and 4 distractors. The metrics are defined
as follows: Multi-hop acc is the accuracy of the final answer (EM); Format acc is the percentage
of outputs adhering to the predefined format; Hops acc is the accuracy of the number of decomposed
sub-questions matching the ground truth; Sub acc is the accuracy of intermediate \boxed{} answers;
Similarity is the semantic similarity score between generated and ground truth sub-questions.

D Used Scientific Artifacts

Our work leverages several key open-source libraries to ensure reproducibility. We confirm that our use of
these artifacts is in full compliance with their respective licenses and intended purposes.

* DeepSpeed (Apache-2.0 license) *: An optimization library used to enhance the efficiency and scale
of large language model training.

* Transformers (Apache-2.0 license) *,: The core framework providing the architectures and tools for

*Note that better retrieval models, e.g., ReContriever (Lei et al., 2023), and exemplar selection methods (Peng et al., 2024)
will improve the performance, but it is not the focus of this work.

3https ://github.com/deepspeedai/DeepSpeed

*https://github.com/huggingface/transformers
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the pre-trained language models used in NLP tasks.

o trl (Apache-2.0 license) >: A specialized library employed to implement the Supervised Fine-tuning
and reinforcement learning phase.

* verl (Apache-2.0 license) %: A flexible, efficient, and production-ready RL training library for large
language models (LLMs).

E Supplemental Experiment Results

E.1 SFT Data Scaling Effects

To investigate whether scaling the SFT dataset improves reasoning, we expanded our cold-start set
from ~700 to ~10,000 instances (by combining our curated set with the full MQuAKE training set).
Surprisingly, as shown in Table 11, massively increasing the SFT data actually degrades final performance
under noise (dropping from 93.60% to 84.63% with 5 distractors). We hypothesize that excessive SFT
leads to overfitting on specific phrasing templates, thereby reducing the policy’s flexibility and exploration
capability during the RL phase. This confirms that our framework is highly sample-efficient, requiring
only minimal SFT for formatting before relying on RL for genuine reasoning alignment.

Dataset k=1 k=3 k=5

Ours (Small SFT ~700) 98.33% 94.87% 93.60%
Large SFT (~10,000) 92.83% 87.53% 84.63%

Table 11: SFT Data Scaling Effects.

E.2 Sensitivity Analysis of Reward Weight «

To evaluate the sensitivity of the trade-off parameter o (Eq. 3) between the Process and Outcome Scores,
we tested o € {0.3,0.5,0.7}. Under the most challenging setting (k = 5 distractors), the final multi-
hop accuracies are 93.10% (o = 0.3), 93.60% (our main setting, « = 0.5), and 91.33% (a = 0.7).
These results demonstrate that while a balanced weight (o« = 0.5) yields optimal performance, our
reward mechanism remains highly stable and not overly sensitive to the exact weighting, consistently
outperforming all baseline methods by a large margin.

E.3 Detailed Results of Answer Leakage

Our analysis revealed a potential data artifact in the MQUAKE-CF-3K dataset: in 1,852 instances, the
object o* of a supporting fact (s, r, 0*) directly coincides with the final multi-hop answer o},. This ‘answer
leakage’ raises a critical concern that models might learn a shortcut (i.e., answer extraction) rather than
performing genuine reasoning. To test this, we created an 'answer-exposed’ setting using only these
instances and introduced distractors. As shown in Table 12, while most baselines suffer substantial
degradation—with EditCoT plummeting by over 36%—revealing their heavy dependence on this shortcut,
our methods demonstrate remarkable resilience. Both Reason-KE and Reason-KE++ maintain near-
perfect stability, with performance drops of less than 1.5% (indicated by ). This confirms our framework
promotes a true reasoning process, effectively ignoring superficial cues from answer leakage.

E.4 Detailed Results of Efficiency

Figure 4 illustrates the average inference time of Reason-KE++ compared to other methods. While
Reason-KE already achieves significant efficiency gains by replacing iterative strategies with a simple

*https://github.com/huggingface/trl
®https://github.com/volcengine/verl
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Answer w/ exposed

Method

w/o Distr.  w/ 2 Distr.  w/ 4 Distr.
Mello 11.34 4.59 (16.75) 5.56 (15.78)
PokeMQA 67.06 34,777 (13229)  32.56 (134.5)
EditCoT 64.25 25.49 (1388)  27.32 (136.9)
RAE 94.98 88.82 (16.16)  85.15 (19.83)
Reason-KE 97.08 96.70 (1038)  96.71 (10.37)
Reason-KE++ 99.62 98.70(1092)  98.27(1135)

Table 12: Performance under the answer-exposed condition, where | marks a significant degradation (>5%)

compared to the *w/o Distr.’” case, while | denotes a stable performance with a minimal drop (<1.5%).

Average Inference Time (s)
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Figure 4: Average inference time for n editing instances, where n = 1, 10, 50, 100.

reasoning prompt, Reason-KE++ further optimizes this performance. As shown in the figure, Reason-
KE++ (the pink line) consistently maintains the lowest inference latency across all editing scales. This
further improvement benefits from its superior reasoning accuracy. Following the evaluation protocol of
MQuAKE-CEF, each sample contains three multi-hop questions, and a sample is considered successful
if any one of the questions is answered correctly. Thanks to its higher precision, Reason-KE++ is more
likely to reach the correct answer in the initial attempts, thereby reducing the cumulative computational
overhead per sample. Consequently, Reason-KE++ not only outperforms existing ICL methods but also
slightly surpasses Reason-KE, achieving the best performance.
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