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Abstract001

Retrieval-Augmented Generation (RAG) is a002
promising paradigm to enhance LLMs by inte-003
grating external knowledge. However, its per-004
formance degrades when the knowledge con-005
tains errors. When users encounter such er-006
rors, the typical correction process involves007
users reporting the errors, after which service008
providers investigate the knowledge base to009
identify and fix the issues. This process is010
often time-consuming, and in the meantime,011
other users continue to encounter the same er-012
rors, leading to a poor user experience. To013
address this challenge, we propose a new task,014
Knowledge Online Correction, which focuses015
on correcting errors immediately after they016
are pointed out by users through conversation-017
based feedback. To evaluate this task, we con-018
ducted a preliminary user study and, based019
on the findings, developed a new benchmark,020
ConvCorrect. To address this task, we pro-021
pose MT-KOC (Multi-step Knowledge On-022
line Correction), a multi-agent framework that023
utilizes a dynamic action search algorithm to024
identify the optimal correction sequence for025
progressive correction. Empirical results on026
ConvCorrect show that our method signifi-027
cantly outperforms existing baselines. Our028
code is available at https://anonymous.029
4open.science/r/MT-KOC.030

1 Introduction031

Large Language Models (LLMs) have achieved remark-032
able success in real-world applications, but still face033
challenges such as hallucination and outdated knowl-034
edge (Huang et al., 2025; Zhang et al., 2023a). Retrieval-035
Augmented Generation (RAG) has emerged as a promis-036
ing solution by integrating external knowledge to miti-037
gate these issues (Lewis et al., 2020; Gao et al., 2023b).038
However, its performance degrades when the knowl-039
edge base contains errors (e.g., Fig. 1A). When users040
encounter such errors, the typical correction process041
involves tedious manual intervention: users report the042
issue, and service providers investigate the knowledge043
base to identify and correct the errors (Fig. 1B). This044
process is often time-consuming, taking several hours045
to multiple working days (McGraw, 2025). During this046
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Figure 1: Comparison between slow manual correction
(left) and rapid knowledge online correction (right).

period, the knowledge errors persist and continue to 047
mislead users, resulting in a poor overall experience. 048

To address the issue of inefficiency, several methods 049
have been proposed (Yan et al., 2024; Asai et al., 2024). 050
These methods automatically correct the errors online 051
through web retrieval (e.g., Wikipedia). However, the 052
effectiveness of these methods depends on the accu- 053
racy of the web retrieval results. If the web retrieval 054
results are incorrect, these methods have no alternative 055
mechanism to resolve the errors. Most recently, STACK- 056
FEED (Gupta et al., 2024) leverages external feedback 057
(e.g., compiler errors) to further enhance the accuracy 058
of error corrections. However, STACKFEED works 059
only when sufficient feedback is collected, which fails 060
to meet the requirements of online correction. 061

To tackle these issues, we drew inspiration from the 062
Formative Assessment with Feedback model in educa- 063
tion (McKenzie et al., 2017). In this model, teachers pro- 064
vide conversation-based feedback during discussions, 065
enabling students to quickly identify and correct miscon- 066
ceptions and thereby accelerate learning. Motivated by 067
this model, we propose a new strategy, where users act 068
as teachers, offering conversation-based feedback when 069
they identify errors. For example, users can indicate 070
whether an error exists and suggest how it should be cor- 071
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rected. Such feedback can serve as additional guidance072
for error correction, helping to overcome the limitations073
of existing methods that rely solely on internet retrieval074
results. Based on this new strategy, we define a new075
task, Knowledge Online Correction (KOC), which lever-076
ages conversation-based feedback to correct knowledge077
errors within the same conversational session.078

While this new strategy has the potential to help cor-079
rect knowledge errors, how to effectively leverage user080
feedback is still unclear, presenting two major chal-081
lenges. Challenge 1: There are no established bench-082
marks for this task. History has demonstrated that high-083
quality benchmarks (e.g., ImageNet (Deng et al., 2009),084
GLUE (Wang et al., 2019)) can effectively advance the085
development of models for specific tasks. However, de-086
veloping benchmarks for the KOC task is non-trivial due087
to the diverse and open-ended nature of conversation-088
based feedback. Challenge 2: It is unclear how to089
effectively leverage the conversation-based user feed-090
back for error correction. Conversation-based feedback091
can take many forms, from precise, well-structured cor-092
rections to vague hints that an error exists. Effectively093
distinguishing useful feedback from noisy or misleading094
input is critical, as is determining how to integrate this095
feedback into model updates in a way that effectively096
improves performance.097

In this paper, we first develop a new benchmark, Con-098
vCorrect (Challenge 1). To construct this benchmark,099
we first conducted a preliminary user study. From this100
preliminary study, we summarized five error types in the101
knowledge and how users provide feedback for these er-102
rors. Based on this summarization, we synthesize errors103
in the knowledge and the conversation-based feedback,104
which were further verified by humans to ensure quality.105
Based on this benchmark, we developed MT-KOC for106
the KOC task (Challenge 2). MT-KOC uses a dynamic107
action search algorithm to identify an optimal sequence108
of edits for progressive correction, ensuring better align-109
ment with conversation-based feedback. The experi-110
ments show that MT-KOC outperforms prior SOTA by111
an average of 5.6 points in F1-score.112

In summary, our contributions are threefold:113
1. We develop ConvCorrect, the first benchmark de-114

signed and supported by a preliminary user study to115
evaluate knowledge online correction methods.116

2. We propose MT-KOC, an online correction method117
that validates user feedback and uses a dynamic ac-118
tion search algorithm to correct the knowledge base.119

3. We empirically validate MT-KOC, demonstrating its120
effectiveness through extensive experiments, which121
show an improvement over existing SOTA methods.122

2 Related Work123

Retrieval-Augmented Generation (RAG) mitigates LLM124
hallucinations by grounding generation in external125
knowledge (Brown et al., 2020; Chowdhery et al., 2022;126
Touvron et al., 2023; Lewis et al., 2020). Typical re-127
search along this line includes query formulation (Zheng128

et al., 2024; Ma et al., 2023; He et al., 2023), adaptive 129
retrieval (Asai et al., 2024; Jeong et al., 2024), con- 130
text refinement (Yu et al., 2024; Li et al., 2025; Xu 131
et al., 2024; Zhang et al., 2023b) and post-generation 132
verification (Li and Flanigan, 2025). However, these 133
methods typically assume the knowledge contains no 134
errors, which is not always true in real-world applica- 135
tions. Therefore, many methods have been proposed to 136
address knowledge errors, which generally fall into two 137
categories: answer and knowledge correction. 138

Answer correction methods directly revise the an- 139
swers of LLMs when encountering knowledge errors 140
without modifying the knowledge. For example, Re- 141
Ex (Kim et al., 2024) retrieves external evidence to 142
detect, explain, and revise factual errors in answers. 143
Purr (Chen et al., 2023) denoises hallucinations by de- 144
tecting text corruptions in answers. Syncheck (Wu et al., 145
2024) monitors faithfulness during answer generation 146
and revises them when necessary. Although effective, 147
these methods cannot revise the errors in the knowledge, 148
which will mislead other users. 149

Knowledge correction methods directly revise the 150
errors in the knowledge base. The majority of these 151
methods correct the knowledge base without leveraging 152
any external feedback. Typical strategies include rewrit- 153
ing retrieved contexts (Qiao et al., 2025; Dong et al., 154
2025), retrieving supplementary information (Yan et al., 155
2024), resolving conflicts between internal and external 156
knowledge (Wang et al., 2025; Gao et al., 2023a), merg- 157
ing generated and retrieved passages via compatibility 158
scoring (Zhang et al., 2023b), or pruning redundant facts 159
using entropy for multi-hop QA (Shi et al., 2024). Re- 160
cently, STACKFEED (Gupta et al., 2024) is developed 161
to leverage external feedback for better knowledge cor- 162
rection. It utilizes a reinforcement learning strategy to 163
revise the knowledge base from a batch of external feed- 164
back (e.g., compiler errors). However, STACKFEED 165
requires a substantial amount of feedback to be col- 166
lected, failing to meet the online requirements of KOC, 167
which demands error correction within seconds or min- 168
utes. In contrast, our method can correct the knowledge 169
base after each single user feedback is received. 170

3 Benchmark 171

3.1 Problem Formulation 172

Given a user query Q, a knowledge chunk K is retrieved, 173
which includes errors. Based on the chunk K, an answer 174
A is generated by an LLM: A = LLM(Q,K). After re- 175
ceiving the answer, the user responds with conversation- 176
based feedback F . Then, the goal of the KOC task is to 177
find a transformation function T such that the answer 178
generated based on the chunk K∗ transformed by T is 179
similar to the answer generated based on the correct 180
chunk Koracle: 181

T ∗ = argmin
T

Diff{LLM(Q,K∗),LLM(Q,Koracle)}

s.t. K∗ = T (K,F )
(1) 182
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Diff{·, ·} measures the difference between two answers183
generated by the LLM.184

3.2 Preliminary User Study185

A key challenge in constructing the benchmarks for the186
KOC task lies in ensuring their comprehensiveness and187
representativeness. To achieve this, it is essential to188
understand how users typically provide conversation-189
based feedback when they encounter errors in LLM-190
generated answers. Therefore, we conducted a prelimi-191
nary user study. Based on this study, we identified five192
common types of errors and further summarized typical193
conversation-based feedback for each error type.194

Study setup. To ensure the representativeness of the195
user study participants, we employed a hybrid partic-196
ipant pool consisting of 12 graduate students and 20197
novices. The 12 graduate students majoring in Com-198
puter Science, aged from 21 to 29 years (mean = 24.25,199
SD = 2.60). All of them have more than one year of200
experience in developing or using RAG systems. Upon201
completion, each participant received a $10 compensa-202
tion, independent of their performance. The 20 novices203
were recruited from Amazon Mechanical Turk. We did204
not restrict the background of the recruited workers be-205
cause we wanted select representative ones from the206
potential audiences. However, to ensure the workers207
took these tasks seriously, the selected workers should208
have completed at least 1,000 HITs with approval rate209
greater than 98%. Each worker received a $6 compen-210
sation for their participation.211

Datasets. The study was constructed on 2,400212
samples randomly selected from the Neural-Bridge213
Dataset (Neural Bridge AI, 2024b,a). Each sample con-214
tains a query Q and a correct knowledge chunk Koracle.215
Then, the chunk of each sample was perturbed to contain216
errors. To ensure the errors encompass most real-world217
scenarios, the perturbations are capable of generating218
any type of error. In the field of databases, updating,219
adding, and removing are used to cover all types of mod-220
ifications. Motivated by this, we also include three types221
of perturbations (Silberschatz et al., 2002). (1) Update:222
A key entity (e.g., date, name, location) in the relevant223
section is updated to an incorrect but plausible entity224
of the same type. (2) Add: A contextually coherent but225
factually incorrect or misleading sentence is added after226
the sentence containing the relevant information. (3)227
Delete: A critical phrase or sentence required to answer228
the query is removed from the relevant section. The229
chunk of each sample was randomly applied one of the230
three types of perturbations, resulting in an erroneous231
knowledge chunk (K). Based on K, an answer (A) was232
generated by an LLM.233

Procedure. The 2,400 samples were randomly dis-234
tributed to the 12 graduate students and 20 novices.235
Each graduate student received 100 samples, while each236
novice was assigned 60 samples. For each sample, the237
participants were asked to assume the role of a user who238
had received an erroneous answer (A) from a conversa-239

tional AI system after posing a query. Their tasks were 240
to write a conversation-based feedback (F ) in response 241
to the erroneous answer, reflecting what they would real- 242
istically provide in such a scenario. The full instructions 243
provided to the participants are detailed in Appendix B. 244

Error type. After the user study, two researchers 245
from our team were tasked with classifying the er- 246
ror type of the answer (A) in each of the 2,400 sam- 247
ples. Each researcher was responsible for half of 248
the data, and a cross-review was conducted upon 249
completion to ensure consistency. This process re- 250
sulted in the classification of all samples into five pri- 251
mary error types: Fully Incorrect, Partially Incorrect, 252
Fully Missing, Partially Missing, and Mixed. For illus- 253
trative examples of each error type, see Appendix A. 254

Error Type Associated Feedback Styles

Fully incorrect Direct correction, Error indication
Partially incorrect Direct correction, Error indication,

Error localization
Fully missing Direct completion, Missing indica-

tion
Partially missing Direct completion, Missing indica-

tion
Mixed Direct correction and completion, Er-

ror and missing indication

All Types Abnormal feedback

Table 1: Mapping from Error Types to typical, normal
Feedback Styles. The final row indicates a small sub-
set of non-cooperative, abnormal feedback observed
across all error types.

Typical conversation-based feedback styles. After the 255
user study was completed, the same two researchers 256
analyzed the feedback (F ) provided by the participants. 257
Following a similar process of independent annotation 258
and cross-review, they categorized the majority of the 259
collected feedback into seven types of normal feedback 260
and one type of abnormal feedback. These types of 261
feedback are summarized in Table 1. 262

Normal feedback. These are the types of feedback 263
users are expected to provide, offering additional in- 264
formation to help correct knowledge errors. For exam- 265
ple, some participants offered a direct correction (e.g., 266
"No, the director was James Cameron"), while others 267
only gave an error indication without correction (e.g., 268
"That’s not the right director"), or pointed to missing 269
information with a missing indication (e.g., "You forgot 270
to mention the main actor"). 271

Abnormal feedback. This type of feedback includes 272
the ones clearly malicious (e.g., insults), intentionally 273
misleading (providing new incorrect information), or 274
entirely irrelevant to the query. Our statistical analysis, 275
detailed in Appendix Table 7, indicated that such feed- 276
back accounted for 10.58% (254 of 2,400) of the total 277
responses. As this type of feedback was not correlated 278
with any specific error type, it is classified as a univer- 279
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sal style applicable to all error types in our taxonomy280
(Table 1, final row).281

From Table 1, a key finding is that the relationship282
between error types and feedback styles is a complex283
one-to-many mapping. This discovery highlights a fun-284
damental challenge: a simple, low-level textual pertur-285
bation can manifest as a wide spectrum of high-level,286
user-perceived semantic errors. This non-trivial map-287
ping proves that a simplistic approach(e.g., mechan-288
ically generating feedback based on the perturbation289
type) would be unrealistic and fail to capture the task’s290
true complexity. Therefore, this empirically derived tax-291
onomy not only reveals the difficulty of the task, but292
also serves as the principal blueprint for our benchmark293
construction.294

3.3 Benchmark Construction295

Based on the error types and typical conversation-based296
feedback styles identified in the preliminary user study,297
we developed the first benchmark for the KOC task,298
ConvCorrect, with the help of LLMs. Throughout the299
process, we used GPT-5.1 as the base LLM due to its300
strong performance.301

Data Source and Pre-processing. We construct302
ConvCorrect upon three diverse RAG benchmarks:303
SQuAD (Rajpurkar et al., 2016), Neural-Bridge (Neural304
Bridge AI, 2024b,a), and HotpotQA (Yang et al., 2018),305
resulting in three splits: ConvCorrect-SQ, ConvCorrect-306
NB, and ConvCorrect-HP. We first pre-processed these307
source datasets to create a clean base for perturbation.308
For SQuAD, which features multiple questions per con-309
text, we retained only one unique sample per context,310
merging the training and test sets to yield 20,958 ini-311
tial samples. For Neural-Bridge, we combined its two312
versions (RAG-Dataset-12000 & RAG-Dataset-1200)313
and removed duplicates to obtain 12,893 unique sam-314
ples. For HotpotQA, we utilized its validation set, which315
focuses on multi-hop question answering and consists316
of samples all designated as hard difficulty. After pre-317
processing, all datasets underwent sensitive content fil-318
tering. This resulted in a final set of 19,903 samples319
from SQuAD, 12,000 from Neural-Bridge, and 7,400320
from HotpotQA, which formed the basis for our bench-321
mark construction.322

Construction Pipeline. Based on the pre-processed323
datasets, we constructed ConvCorrect in two main324
steps: error generation and feedback generation.325
The prompts used in this pipeline are provided in Ap-326
pendix C.327

• Error generation. Since the knowledge chunks in328
the source datasets are error-free, we first perturbed329
the chunks to contain errors. Similar to the prelim-330
inary user study, we consider three types of per-331
turbations here. For each chunk, all three types332
of perturbations were applied using LLMs (Ding333
et al., 2024), resulting in three distinct perturbed334
versions. We then employed an LLM-based evalu-335
ator to filter out invalid perturbations where the336

Dataset Method HD-D SD Validity (%)

Human (Reference) 0.7325 0.9176 100.0

ConvCorrect-SQ
Fully-automated 0.7012 0.9027 75.3
Semi-automated 0.6619 0.8664 96.5

ConvCorrect-NB
Fully-automated 0.6988 0.9005 72.8
Semi-automated 0.6890 0.8721 95.2

ConvCorrect-HP
Fully-automated 0.7105 0.8837 78.2
Semi-automated 0.6964 0.8585 97.1

Table 2: Comparison of HD-D, SD and validity.

correct answer remained derivable or unrelated 337
context was altered. These valid perturbed chunks 338
were then classified into the five error types iden- 339
tified in the preliminary user study using an LLM, 340
and the accuracy of these classifications was subse- 341
quently verified by two researchers on a randomly 342
sampled 10% subset, achieving 98.3% accuracy. 343

• Feedback generation. To ensure the diversity and 344
richness of the feedback while maintaining the ef- 345
ficiency of the generation process, we employed a 346
semi-automated method to create the feedback. We 347
first invited ten experts to write the feedback for 348
a 5% subset, which covers all the error types and 349
feedback styles. Then, for the remaining samples, 350
we provided the LLM with a randomly selected 351
human-written example with the same error type 352
and feedback style as in-context demonstrations. 353
The LLM, acting as a User, was then prompted 354
to generate new feedback messages (F ) in the cor- 355
responding style. Since our user study found that 356
around 10% of the feedback was abnormal, we 357
applied an additional generation step for a random 358
10% of the samples to have abnormal feedback. 359

Quality Validation. To validate the effectiveness of 360
the semi-automated construction process, we compared 361
it with a fully-automated method and a human-written 362
method. The fully-automated method is the same as our 363
semi-automated method except that it does not introduce 364
the human-written examples. Given the substantial time 365
and cost involved, the human-written method only invite 366
human to write feedback for a 5% subset. We utilized 367
three metrics: Hypergeometric Distribution-based Di- 368
vergence (HD-D) (Masry et al., 2025) to measure vocab- 369
ulary richness, the Semantic Diversity (SD) score (Wang 370
et al., 2023) to assess semantic variance, and genera- 371
tion validity. A feedback is considered invalid if it fails 372
to provide useful information (i.e., misleading). The 373
validity is evaluated by human on a 5% subset. 374

As shown in Table 2, the validity of our semi- 375
automated method is higher than the fully-automated 376
method and close to the human-written method. More- 377
over, our method demonstrates a comparable level of 378
vocabulary and semantic diversity compared to the other 379
two methods. 380

Statistics. The final dataset consists of 130,444 sam- 381
ples for ConvCorrect-SQ, 93,707 for ConvCorrect-NB, 382
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and 49,130 for ConvCorrect-HP. The detailed statis-383
tics of the Benchmark’s scale and type distribution are384
presented in Appendix Table 8.385

4 Method386

4.1 Framework Overview387

To tackle the KOC task, we introduce the MulTi-step388
KOC (MT-KOC) framework. The design of MT-KOC389
is inspired by the typical correction process followed390
by humans. Generally, humans first retrieve relevant391
information from reliable sources, then use this infor-392
mation to correct specific chunks, and finally verify the393
accuracy of the corrected chunks. Since errors may394
be diverse and cannot always be resolved in a single395
step in practice, this process may be repeated iteratively.396
Therefore, we design a multi-agent system within MT-397
KOC to address the KOC task through multiple steps.398
Leveraging this system, we propose a dynamic action399
search algorithm that identifies the optimal sequence of400
corrective actions to accurately correct the chunks.401

4.2 Multi-Agent System402

The multi-agent system consists of four collaborative403
agents: a Knowledge Extraction Agent, an Action404
Recommendation Agent, a Correction Agent, and a405
Reward Evaluation Agent. Implementation prompts406
for all agents are provided in Appendix D.407

Knowledge Extraction Agent. Effective correction408
requires both grounding in reliable facts and validat-409
ing user feedback. Accordingly, the agent operates in410
two sequential steps. The first performs a plausibil-411
ity check on the user’s feedback (F ), assigning a 0–10412
score based on intrinsic plausibility rather than para-413
metric agreement, so plausibly novel feedback is not414
penalized. Implausible or malicious feedback falls be-415
low a predefined threshold.416

The subsequent knowledge extraction step adapts417
based on this validation result. If the feedback passes418
validation, the agent utilizes both the feedback (F ) and419
the original query (Q) to synthesize the reference in-420
formation (I), capturing the user’s corrective intent421
(I = fextract(Q,F )). If the feedback fails validation,422
the agent excludes the feedback and synthesizes refer-423
ence information based solely on the query (Q) and its424
internal parametric knowledge (I = fextract(Q)). This425
mechanism prevents the incorporation of erroneous user426
inputs while maintaining the system’s ability to provide427
correct information.428

Action Recommendation Agent. As pointed out in429
a recent survey (Tran et al., 2025), the performance of430
LLMs would be improved if a complex action is de-431
composed into several sub-actions. Therefore, we also432
decompose the correction action into three commonly433
used sub-actions: ADD, DELETE, and REVISE, which434
are called actions. ADD: Complete missing informa-435
tion in Knowledge Chunk, where the agent specifies436
the exact information and insertion position. DELETE:437

Remove redundant or misleading information in the 438
Knowledge Chunk that could interfere with generating 439
the correct answer, with the agent explicitly identify- 440
ing the target. REVISE: Modify inaccurate or poorly 441
phrased information in the Knowledge Chunk, where 442
the agent provides a revised version. Accordingly, the 443
correction can be represented by a sequence of actions 444
{C1, ..., Ck}. Therefore, action recommendation agents 445
recommends suitable actions given the user query (Q), 446
current knowledge chunk (K), user feedback (F ), and 447
reference information (I). 448

Correction Agent. This agent acts as the executor. 449
It is a composite of three specialized modules corre- 450
sponding to the action types (ADD, DELETE, REVISE). 451
When a single correction action Ci is selected by the 452
Recommendation Agent, this agent dispatches it to the 453
appropriate module for execution, producing the next 454
Knowledge Chunk state, Ki+1: 455

Ki+1 = fcorrect(Ki, Ci) (2) 456

Where fcorrect denotes the execution logic. 457

Reward Evaluation Agent. This agent evaluates the 458
corrections based on the conversation-based user feed- 459
back (F ) and reference information (I) (Zheng et al., 460
2023). It takes the new Knowledge Chunk state Ki+1 461
and generates the answer Ai+1 by using LLMs. It then 462
assesses this answer based on the query (Q), feedback 463
(F ), and reference information (I) to produce a numeri- 464
cal score, Si+1: 465

Si+1 = feval(Ki+1, Q, F, I) (3) 466

The evaluation function feval is implemented by the 467
agent, which is prompted to act as an impartial judge. 468
To validate this metric, we compared the agent’s scores 469
with human ratings on a random subset. The strong cor- 470
relation confirms the reliability of our approach (details 471
in Appendix E). 472

4.3 Dynamic Action Search 473

Based on the multi-agent system, it is required to iden- 474
tify the optimal sequence of actions to accurately correct 475
the chunks. Therefore, the transformation T is realized 476
by finding an optimal sequence of discrete correction 477
actions, which we denote as C∗. Let Apply(K0,C) be 478
the function that returns the final Knowledge Chunk 479
after applying the entire sequence C to the initial chunk 480
K0. The optimal sequence C∗ is the one that maximizes 481
the expected reward of this final chunk: 482

C∗ = argmax
C

E [feval (Apply(K0,C), Q, F, I)]

(4) 483
1. Initialization. The process begins with the initial 484

erroneous Knowledge Chunk, K0, as the root node. The 485
Knowledge Extraction Agent is first invoked to generate 486
the global Reference Information (I). This step applies 487
the validation logic: if the user feedback (F ) passes 488
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Figure 2: Overview of the MT-KOC framework. The process iteratively explores a search space of possible edits to
find an optimal correction path for the Knowledge Chunk, guided by user feedback and a reward-driven mechanism.

the plausibility check, it guides the generation of I;489
otherwise, the agent synthesizes I based solely on the490
query (Q). Subsequently, the Action Recommendation491
Agent generates the initial set of candidate corrections492
from the root node.493

2. Iterative Search. For a predefined number of494
Search Epochs, the framework executes a search loop495
consisting of the following steps:496

Exploration: In each iteration, the Action Recom-497

mendation Agent recommends a set of candidate ac-498
tions, C(Ki), based on the current Knowledge Chunk499
state, represented by the current node Ki in the search500
tree. An action is then selected from the children using501
the Upper Confidence Bound applied to Trees (UCT)502
policy (Kocsis and Szepesvári, 2006; Yao et al., 2023):503

Ci+1 = argmax
C∈C(Ki)

(
R(C)

N(C)
+ c

√
lnN(Ki)

N(C)

)
(5)504

Here, argmax
C∈C(Ki)

selects the action Ci+1 from the can-505

didate set C(Ki) that maximizes the UCT score. The506

UCT score balances exploitation and exploration: R(C)
N(C)507

represents the average reward of action C, encouraging508
the selection of actions with historically high rewards,509

while c
√

lnN(Ki)
N(C) promotes exploration of less-visited510

actions, where R(C) is the total reward accumulated511
for action C, N(C) is the number of times action C512
has been selected, N(Ki) is the number of visits to the513
parent node Ki, and c is an exploration constant.514

Updating: Once an action Ci is selected, the Correc-515

tion Agent executes it to produce the next Knowledge516
Chunk state, Ki+1, which corresponds to a new node in517
the search tree.518

Evaluation: The Reward Evaluation Agent then eval- 519

uates this new state to obtain a score Si+1. 520
Backpropagation: This score is backpropagated up 521

the search tree, updating the reward and visit counts for 522
all actions along the path from the current node back 523
to the root. Specifically, for each action C on the path: 524
R(C)← R(C) + Si+1 and N(C)← N(C) + 1. 525

3. Final Selection. The search process terminates, 526
and an optimal corrected Knowledge Chunk (K∗) is 527
selected based on one of two conditions: 528

Shortcut Mechanism (Pruning): To enhance search 529

efficiency, we incorporate a pruning strategy. If at any 530
point during the iterative search the Reward Evaluation 531
Agent outputs a maximum score (e.g., 10.0), the search 532
is immediately terminated. This early-stopping mecha- 533
nism effectively prunes unnecessary future explorations, 534
significantly reducing computational cost while ensur- 535
ing the retrieval of an optimal solution. The Knowledge 536
Chunk corresponding to this high-reward path is directly 537
returned as K∗. 538

Default Selection: If the Shortcut is not triggered 539

within the allocated search epochs, the system de- 540
termines the optimal correction sequence C∗ = 541
(C∗

0 , C
∗
1 , ..., C

∗
L). This sequence is constructed by start- 542

ing from the root node (K∗
0 = K0) and iteratively iden- 543

tifying the best transition. Specifically, at each step i, 544
the optimal correction action C∗

i+1 is selected from the 545
candidate set C(K∗

i ) by maximizing the average reward: 546

C∗
i+1 = argmax

C∈C(K∗
i )

(
R(C)

N(C)

)
(6) 547

Here, argmax
C∈C(K∗

i )

identifies the action C∗
i+1 with the high- 548
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Method
ConvCorrect-SQ ConvCorrect-NB ConvCorrect-HP

Avg
DS-32B GPT-5.1 Gemini-3 DS-32B GPT-5.1 Gemini-3 DS-32B GPT-5.1 Gemini-3

Lower Bound
Perturbed 13.2±0.2 13.0±0.1 15.1±0.2 29.5±0.3 31.6±0.2 33.2±0.2 16.9±0.1 18.7±0.2 23.7±0.3 21.7±0.2

Methods
Re-Ex 54.1±0.3 55.5±0.2 57.0±0.2 35.8±0.1 38.1±0.3 39.5±0.2 52.3±0.3 54.8±0.2 57.1±0.2 49.4±0.2

CRAG 51.6±0.2 54.2±0.3 57.8±0.2 37.1±0.2 39.4±0.2 40.8±0.1 51.5±0.3 54.0±0.2 55.3±0.2 49.1±0.2

RAE 60.8±0.2 63.1±0.1 64.7±0.3 37.8±0.1 40.1±0.2 41.5±0.2 59.5±0.3 61.8±0.2 63.4±0.2 54.7±0.2

Astute 59.5±0.3 61.8±0.2 63.4±0.2 45.3±0.2 47.1±0.3 49.5±0.2 55.8±0.2 58.1±0.1 59.8±0.2 55.6±0.2

RARR 53.4±0.2 55.8±0.1 57.3±0.2 36.1±0.3 38.4±0.2 39.8±0.2 51.8±0.2 54.3±0.2 55.6±0.1 49.2±0.2

STACKFEED 65.3±0.2 67.8±0.2 67.3±0.3 44.8±0.2 47.3±0.2 48.8±0.3 57.8±0.1 60.3±0.2 61.8±0.2 57.9±0.2

MT-KOC 67.3±0.1 70.2±0.1 73.5±0.2 47.8±0.2 51.5±0.1 54.2±0.2 65.5±0.2 69.8±0.1 72.0±0.2 63.5±0.1

Upper Bound
Oracle 82.8±0.1 85.6±0.0 87.0±0.1 51.6±0.1 53.4±0.1 58.2±0.1 77.6±0.1 80.3±0.1 82.0±0.1 73.2±0.1

Table 3: F1-score comparison on the three ConvCorrect benchmark splits. The best score in each column is bolded,
and the second-best is underlined. DS-32B: DeepSeek-R1-Distill-Qwen-32B, Gemini-3: Gemini-3-Pro-Preview.

est average reward, ensuring a greedy selection of the549
best-performing actions to construct the optimal se-550
quence. The final corrected Knowledge Chunk (K∗)551
is then obtained by applying this sequence C∗ to K0.552

5 Experiments553

5.1 Experimental Setup554

Datasets. We evaluate our method on ConvCorrect,555
the benchmark we developed for interactive knowl-556
edge correction, consisting of three splits: ConvCorrect-557
SQ, ConvCorrect-NB, and ConvCorrect-HP (Section 3).558
Each sample includes the original knowledge chunk559
(Koracle), a perturbed version (K0), the query (Q), the560
erroneous answer (A0), and user feedback (F ).561

Comparison Methods. We compare MT-KOC562
against representative bounds and baselines:563
• Bounds: We establish a performance floor with a564

Lower Bound (Perturbed), which evaluates the answer565
generated from the erroneous chunk (K0) without566
correction, and a ceiling with an Upper Bound (Ora-567
cle), which uses the ground-truth knowledge chunk568
(Koracle).569

• Baselines: We compare against a comprehensive set570
of SOTA baselines, including Re-Ex (Kim et al.,571
2024), CRAG (Yan et al., 2024), RAE (Shi et al.,572
2024), Astute (Wang et al., 2025), RARR (Gao et al.,573
2023a), and STACKFEED (Gupta et al., 2024).574

Evaluation Metrics. We evaluate performance from575
two perspectives:576
• Downstream Task Performance: This metric evalu-577

ates the quality of the final answer. We report the578
token-level F1-score measuring the overlap between579
the generated answer (A∗) and the ground-truth an-580
swer (Agold) provided in the dataset.581

• Knowledge Correction Quality: This metric assesses582
the quality of the corrected knowledge chunk. We583

use ROUGE-L (Lin, 2004) to measure the similarity 584
between the corrected chunk (K∗) and the ground- 585
truth chunk (Koracle) for accuracy, and between the 586
original perturbed chunk (K0) for edit minimality. 587

Implementation Details. To ensure reproducibility 588
and fair comparison, we detail our experimental config- 589
urations below. 590
Base LLMs and Environment. To ensure robustness and 591
reproducibility, all experiments were conducted across 592
three independent runs with distinct random seeds, and 593
we reported the average scores. Standard deviations 594
across runs were consistently low (average ≤ 0.3) for 595
the downstream task performance, indicating stable 596
performance. Our experiments utilized three distinct 597
LLMs: the open-weights DeepSeek-R1-Distill-Qwen- 598
32B, and two proprietary LLMs, GPT-5.1 and Gemini-3- 599
Pro-Preview. Inference for the open-weights LLM was 600
performed on 8 NVIDIA H100 GPUs via vLLM frame- 601
work, while proprietary LLMs were accessed through 602
their official APIs. To ensure fairness, all methods in Ta- 603
ble 3 shared identical backbones and input components 604
(Q,K0, F ), with F integrated into respective prompts. 605
MT-KOC Configuration. For our proposed framework, 606
we set the number of search epochs to 6. The exploration 607
constant c in the UCT-based selection metric (Eq. 5) 608
is set to 1.5. These values were selected based on a 609
sensitivity analysis detailed in Appendix F. The Shortcut 610
mechanism is triggered immediately when an evaluation 611
score Si from the Reward Evaluation Agent reaches the 612
maximum value of 10. For the feedback validation step 613
in the Knowledge Extraction Agent, we set the feedback 614
confidence score threshold to 5. 615

5.2 Results and Analysis 616

Main Performance Comparison. Table 3 presents 617
the F1-scores. MT-KOC achieves the highest perfor- 618
mance across all three benchmarks (ConvCorrect-SQ, 619
ConvCorrect-NB, and ConvCorrect-HP) and all base 620
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ConvCorrect-SQ ConvCorrect-NB ConvCorrect-HP

Method vs. Perturbed vs. Oracle vs. Perturbed vs. Oracle vs. Perturbed vs. Oracle

Re-Ex 65.8±2.1 64.5±1.9 59.8±2.5 57.4±2.2 61.8±2.8 49.4±2.6

CRAG 62.1±1.8 60.8±2.0 70.6±2.4 52.1±2.3 59.5±2.5 47.8±2.7

RAE 63.8±1.7 62.3±1.8 60.5±2.1 58.8±2.0 62.5±2.4 50.8±2.5

Astute 65.1±1.9 63.5±1.8 59.1±2.3 56.8±2.1 63.3±2.6 52.1±2.4

RARR 60.8±2.4 59.5±2.2 54.2±2.8 50.5±2.5 59.1±3.1 46.3±2.9

STACKFEED 59.4±2.0 69.1±1.9 56.7±2.6 64.4±2.4 68.7±2.9 57.9±2.7

MT-KOC 77.8±1.2 76.0±1.1 79.4±1.5 68.8±1.4 76.6±1.6 63.7±1.8

Table 4: ROUGE-L similarity scores on the ConvCorrect-SQ, ConvCorrect-NB, and ConvCorrect-HP test sets.
Results are averaged across all three base LLMs.

LLMs, consistently outperforming all baselines. In621
general, our method demonstrates superior effective-622
ness and robustness across different datasets and model623
scales.624

Despite MT-KOC’s competitive performance, a gap625
to the Oracle upper bound persists. Our analysis at-626
tributes this gap to two primary challenges: (1) the627
inherent ambiguity of vague user feedback (F ), which628
could be mitigated by multi-turn clarification dialogues.629
(2) scenarios where Knowledge Chunks (K0) contain630
specialized or lesser-known information. These cases631
force the framework to fall back on the base LLM’s own632
parametric knowledge (Lewis et al., 2020). This indi-633
cates that the primary performance bottleneck lies not634
with the MT-KOC framework itself, but with the knowl-635
edge breadth and reasoning depth of the underlying636
LLM, a limitation that could be addressed by integrat-637
ing external knowledge retrieval capabilities or using638
LLMs with more extensive parametric knowledge.639

Time Cost Analysis. As shown in Table 5, MT-KOC640
usually ends around four epochs, achieving an average641
latency of 20.3s. This is due to the 85.4% shortcut642
rate, which can largely reduce the time cost of the multi-643
agent system. This confirms that our method decreases644
the error correction delay from hours/days to seconds,645
which meets the requirements of the KOC task. Detailed646
analysis is in Appendix G.647

Benchmark Split Epochs Shortcut (%) Latency (s)

ConvCorrect-SQ 3.47±0.12 90.7±3.5 13.4±0.8

ConvCorrect-NB 3.77±0.15 86.0±4.2 21.8±1.1

ConvCorrect-HP 4.02±0.18 79.4±3.8 25.7±0.9

Average 3.75±0.15 85.4±3.9 20.3±1.0

Table 5: Efficiency metrics of MT-KOC using GPT-5.1.
Shortcut Rate is the percentage of samples terminating
before the maximum 6 epochs.

Knowledge Correction Quality Analysis. To evalu-648
ate the quality of the knowledge correction, we report649
the ROUGE-L scores averaged across all three base650
LLMs in Table 4. Firstly, MT-KOC achieves the highest651
ROUGE-L against (Koracle), demonstrating that the cor-652
rected chunk (K∗) is semantically closest to the ground-653

truth correct version. Secondly, it also achieves the 654
highest score against the original perturbed chunk (K0), 655
indicating superior edit minimality by preserving the 656
maximum amount of correct and unchanged information 657
from K0 while effectively correcting only the erroneous 658
parts. 659

5.3 Ablation Study 660

To validate the contribution of the key components of 661
our methods, we conducted ablation studies across all 662
three datasets. As shown in Table 6, removing Multi- 663
Path Search reduces the method to a single greedy path 664
and degrades performance across all datasets, highlight- 665
ing the importance of exploring multiple correction tra- 666
jectories to escape local optima. Disabling the Shortcut 667
Mechanism also lowers scores, suggesting it prevents 668
unnecessary edits once an optimal solution is reached. 669
Finally, removing Feedback Validation causes a sig- 670
nificant drop; without it, the system accepts abnormal 671
feedback in our benchmark and injects errors into the 672
knowledge base. 673

Method SQ NB HP

MT-KOC 70.2 51.5 69.8

w/o M-P Search 67.8 (↓ 2.4) 48.2 (↓ 3.3) 65.5 (↓ 4.3)
w/o Shortcut 67.9 (↓ 2.3) 50.4 (↓ 1.1) 68.6 (↓ 1.2)
w/o Feedback Val. 68.4 (↓ 1.8) 49.3 (↓ 2.2) 67.1 (↓ 2.7)

Table 6: Ablation study of MT-KOC. Results are re-
ported in F1-score using GPT-5.1 as the base LLM.

6 Conclusion 674

In this work, we introduced the task of KOC to cor- 675
rect errors in RAG knowledge bases online using 676
conversation-based user feedback. To address this task, 677
we developed ConvCorrect, a benchmark that incorpo- 678
rates diverse error types and feedback styles derived 679
from a preliminary user study. Furthermore, we pro- 680
posed MT-KOC, a multi-agent framework that first vali- 681
dates user feedback for plausibility and then leverages a 682
dynamic action search algorithm to identify optimal cor- 683
rective actions. Empirical evaluations on ConvCorrect 684
demonstrate that MT-KOC significantly outperforms ex- 685
isting baselines, achieving higher correction accuracy. 686
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Limitations687

We discuss two limitations of our work in this section:688
(1) Although ConvCorrect incorporates three diverse689

datasets, they are subject to limitations in both domain690
and scale. First, the data is primarily derived from691
general-domain sources, which may not fully generalize692
to highly specialized fields like legal or medical doc-693
umentation. Second, with the largest split containing694
approximately 130,000 samples, the scale is relatively695
modest compared to some massive-scale RAG bench-696
marks. Future expansions to broader domains and larger697
scales would further validate the framework.698

(2) We primarily focus on the immediate accuracy of699
corrections. While effective within the current conver-700
sational session, the long-term persistence and potential701
side effects of these updates on the knowledge base702
remain to be explored.703

Ethical Considerations704

Our research includes a preliminary user study involv-705
ing human participants. All participants were informed706
of the study’s objectives and procedures before pro-707
viding their consent to participate. The data collected,708
which consists of conversation-based feedback, was709
fully anonymized to protect the privacy of the partic-710
ipants. Each participant received fair compensation711
for their time, independent of their performance. The712
datasets used as the foundation for our benchmark,713
SQuAD, Neural-Bridge, and HotpotQA, are established714
public resources, and we have taken additional steps to715
filter them for any potentially sensitive or toxic content.716

We acknowledge the use of LLM for grammar check-717
ing and linguistic polishing of the manuscript. The final718
content was thoroughly reviewed and approved by all719
authors, we maintain full responsibility for the work’s720
integrity. The study has been reviewed and approved721
by the Institutional Review Board (IRB) of the authors’722
institution.723
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Appendix 970

A Sample with Each Error Type 971

This section provides concrete examples for each of the 972
five error types defined in our benchmark. We use the 973
same user query and oracle knowledge context across all 974
examples to clearly illustrate how different perturbations 975
affect the knowledge chunk and the subsequent LLM- 976
generated answer. 977

A.1 Shared Context for All Examples 978

The following User Query and Oracle Knowledge serve 979
as the baseline ground truth. 980

User Query (Q)
Please describe the key identifying features of the Death Cap
mushroom.

Oracle Knowledge Chunk (Koracle)
...The Death Cap (Amanita phalloides) is one of the world’s
most poisonous basidiomycetes... Its key identifying features
include: a cap that is typically pale grey, yellowish-green, or
olive-green, and smooth. The gills are white and free (i.e., not
attached directly to the stipe). The most important feature is
that the base of its stipe has a distinct, cup-like volva, and the
upper part of the stipe usually has an annulus (ring)...

Correct Answer (Aoracle)
The key features of the Death Cap are: 1) A cap color of pale
grey, yellowish-green, or olive-green; 2) Gills that are white
and free; and 3) A distinct, cup-like volva structure at the base
of the stipe.

A.2 Type 1: Fully Incorrect 981

The knowledge chunk contains completely fabricated or 982
contradictory information. 983

Erroneous Knowledge Chunk (K)
...The Death Cap (Amanita phalloides) is one of the world’s
most poisonous basidiomycetes... Its key identifying features
include: a cap that is typically bright red with white warts.
The gills are yellow and decurrent (i.e., running down the
stipe). The base of its stipe lacks any special cup-like structure,
simply tapering at the base, and the upper part of the stipe
usually has an annulus (ring)...

Generated Answer from K (A)
The key features of the Death Cap include: 1) A cap that
is bright red with white warts; 2) Gills that are yellow and
decurrent; and 3) No cup-like structure at the base of its stipe.

A.3 Type 2: Partially Incorrect 984

The chunk contains a mix of correct facts and specific 985
hallucinations (e.g., incorrect color). 986
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Erroneous Knowledge Chunk (K)
...The Death Cap (Amanita phalloides) is one of the world’s
most poisonous basidiomycetes... Its key identifying features
include: a cap that is typically pure white or dark brown, and
smooth. The gills are white and free (i.e., not attached directly
to the stipe). The most important feature is that the base of its
stipe has a distinct, cup-like volva...

Generated Answer from K (A)
The key features of the Death Cap include: 1) A cap color of
pure white or dark brown; 2) Gills that are white and free; and
3) A cup-like volva structure at the base of the stipe.

A.4 Type 3: Fully Missing987

The chunk discusses the general topic but omits the988
specific evidence required to answer the query.989

Erroneous Knowledge Chunk (K)
...The Death Cap (Amanita phalloides) is one of the world’s
most poisonous basidiomycetes and is responsible for the vast
majority of fatal mushroom poisonings worldwide. Its primary
toxin is α-amanitin, a heat-stable cyclopeptide that cannot be
destroyed by cooking. Symptoms of poisoning typically do
not appear until 6 to 12 hours after consumption...

Generated Answer from K (A)
The provided text does not describe the physical identify-
ing features of the Death Cap. It only discusses its extreme
toxicity, the toxin α-amanitin, and the delayed symptoms of
poisoning.

A.5 Type 4: Partially Missing990

The chunk retains some correct details but removes other991
key information required for a comprehensive answer.992

Erroneous Knowledge Chunk (K)
...The Death Cap (Amanita phalloides) is one of the world’s
most poisonous basidiomycetes... Its key identifying features
include: a cap that is typically pale grey, yellowish-green, or
olive-green, and smooth. The gills are white and free (i.e.,
not attached directly to the stipe). The upper part of the stipe
usually has an annulus (ring)...

Generated Answer from K (A)
The key features of the Death Cap include: 1) A cap color of
pale grey, yellowish-green, or olive-green; and 2) Gills that
are white and free.

A.6 Type 5: Mixed993

The chunk contains a combination of correct, incorrect,994
and missing information.995

Erroneous Knowledge Chunk (K)
...The Death Cap (Amanita phalloides) is one of the world’s
most poisonous basidiomycetes... Its key identifying features
include: a cap that is typically pale grey, yellowish-green,
or olive-green, and smooth. The gills are bright pink and
attached. The upper part of the stipe usually has an annulus
(ring)...

Generated Answer from K (A)
The key features of the Death Cap include: 1) A cap color of
pale grey, yellowish-green, or olive-green; and 2) Gills that
are bright pink and attached.

B Instructions for Preliminary User 996

Study 997

The following text presents the complete instructions 998
provided to the participants in our preliminary user 999
study. 1000

Instructions for Participants

Thank you for your help! We are studying
how people naturally react when an AI makes
a mistake.

The Scenario
In this task, we are simulating a very common
situation:
• You ask an AI assistant a question.
• The AI gives you an answer that is flawed,

incomplete, or not quite right.

Your Role & Task
You are the user who asked the original question.
Your task is simple:
In the text box for each item, type exactly what
you would say or write next in response to the
AI’s flawed answer.

Your Goal: Be 100% Natural
• Give your honest, spontaneous reaction.

Don’t try to be extra polite or extra helpful
unless that’s what you would actually do.

• There are no rules. Your response could be a
correction, a new question, a simple word, or
even a sign of frustration. We want it all!

• No right or wrong answers. We are purely
interested in what a real person would do in
this situation.

1001

C Prompts in Benchmark Construction 1002

This section details the prompts in our benchmark con- 1003
struction: context perturbation (Figure 3), perturbation 1004
evaluation (Figure 4), and feedback generation (Fig- 1005
ure 5). 1006

D Prompts in Multi-Agent System 1007

This section provides the detailed prompts used for each 1008
agent in the MT-KOC framework. These prompts, cor- 1009
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Feedback Style Error Type Total
Fully Inc. Partially Inc. Fully Miss. Partially Miss. Mixed

Direct correction 352 458 - - - 810
Error indication 298 415 - - - 713
Error localization - 312 - - - 312
Direct completion - - 19 118 - 137
Missing indication - - 21 105 - 126
Direct correction and completion - - - - 25 25
Error and missing indication - - - - 23 23

Abnormal Feedback 76 142 5 24 7 254

Total Samples 726 1,327 45 247 55 2,400

Table 7: Detailed distribution of 2,400 user feedback responses collected in the preliminary study. The counts
represent the number of participants who chose a specific feedback style for a given error type.

responding to the Knowledge Extraction Agent (Fig-1010
ure 6), Action Recommendation Agent (Figure 7), Cor-1011
rection Agent modules (Figure 8), and Reward Eval-1012
uation Agent modules (Figure 9), are presented with1013
maximum fidelity to the implementation code to ensure1014
reproducibility.1015

1016

E Human Evaluation of Reward1017

Evaluation Agent1018

To assess the reliability of our Reward Evaluation Agent1019
and its alignment with human preferences, we con-1020
ducted a human correlation study. We drew a stratified1021
random sample covering 5% of instances from each of1022
the three benchmark splits. The sampled instances were1023
evaluated by an expert annotator following the exact1024
same 0–10 scoring rubric as the Reward Agent.1025

Agreement Metric Value

Mean Absolute Error (MAE) 1.14
Exact Agreement (diff=0) 31%
Agreement within ±1 Point 69%
Agreement within ±2 Points 88%

Table 9: Agreement analysis between Reward Evalua-
tion Agent scores and human ratings.

We measured the agreement between the LLM-1026
generated scores and the human ratings using intuitive1027
error and tolerance metrics, as presented in Table 9, the1028
results indicate a satisfactory alignment with human1029
judgments. These metrics suggest that our automated1030
Reward Evaluation Agent can serve as a reliable and1031
scalable proxy for human evaluation within the MT-1032
KOC.1033

F Hyperparameter Sensitivity Analysis1034

To select the hyperparameters for MT-KOC, we con-1035
ducted a sensitivity analysis on the ConvCorrect-SQ1036
dataset using GPT-5.1 as the base LLM. We varied the1037

number of search epochs and the exploration constant c 1038
and measured the impact on F1-score. 1039

The results are shown in Figure 10. For the number 1040
of search epochs (Figure 10a), we observed that per- 1041
formance peaks at 10 epochs (70.3 F1). However, the 1042
performance at 6 epochs (70.2 F1) is highly competitive, 1043
with only a marginal 0.1-point difference. Given that 1044
increasing the epochs from 6 to 10 significantly raises 1045
the computational cost, we selected epochs=6 as our 1046
final setting to achieve a better balance between per- 1047
formance and efficiency. For the exploration constant 1048
(Figure 10b), performance is optimal when c is set to 1049
1.5. Based on this analysis, we used epochs=6 and c=1.5 1050
for all our main experiments. 1051

2 4 6 8 10
Number of Search Epochs

68.0

68.5

69.0

69.5

70.0

70.5

F1
-S

co
re

 (\
%

)

Impact of Search Epochs
F1-Score
Optimal Value (6)

(a) Impact of Search Epochs (c fixed at 1.5)

0.5 1.0 1.5 2.0 2.5
Exploration Constant (c)

69.00

69.25

69.50

69.75

70.00

70.25

70.50

F1
-S

co
re

 (\
%

)

Impact of Exploration Constant c
F1-Score
Optimal Value (1.5)

(b) Impact of Exploration Constant c (epochs fixed at 6)

Figure 10: Hyperparameter sensitivity analysis for MT-
KOC on the ConvCorrect-SQ dataset.
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Statistic ConvCorrect-SQ ConvCorrect-NB ConvCorrect-HP

Total Samples 130,444 93,707 49,130

Error Type Distribution

Fully incorrect 77.6% 29.6% 62.4%
Partially incorrect 11.5% 57.3% 15.8%
Fully missing 0.2% 0.3% 7.6%
Partially missing 10.3% 10.1% 14.0%
Mixed 0.4% 2.7% 0.2%

Feedback Style Distribution

Direct correction 40.8% 33.5% 34.9%
Error indication 40.7% 32.6% 34.9%
Error localization 3.7% 18.5% 5.1%
Direct completion 5.0% 4.9% 10.3%
Missing indication 5.0% 4.9% 10.3%
Direct correction and completion 0.1% 0.9% 0.1%
Error and missing indication 0.1% 0.9% 0.1%
Abnormal Feedback 4.6% 3.8% 4.5%

Table 8: Detailed statistics of the ConvCorrect Benchmark, showing the scale and the distribution of Error Types
and Feedback Styles across the three dataset splits: ConvCorrect-SQ, ConvCorrect-NB, and ConvCorrect-HP.

G Detailed Efficiency Analysis1052

Here, we examine the search depth of MT-KOC to un-1053
derstand its shortcut mechanism. Table 10 details the1054
exit epoch distribution, with average trends illustrated in1055
Figure 11. We observe a search distribution centered on1056
3–4 epochs. While most samples are resolved efficiently1057
(achieving a 90.7% shortcut rate on ConvCorrect-SQ),1058
the tail of the distribution reveals that complex scenar-1059
ios, such as those in ConvCorrect-HP, trigger deeper1060
searches. This confirms that MT-KOC effectively bal-1061
ances low latency for simple inputs with the thorough-1062
ness required for harder corrections.1063

Exit Epoch SQ (%) NB (%) HP (%) Avg. (%)

Epoch 1 9.6±1.2 6.9±0.9 6.2±0.8 7.6±0.6

Epoch 2 16.4±1.5 13.7±1.3 11.2±1.1 13.8±0.7

Epoch 3 25.0±2.1 21.9±1.8 18.8±1.7 21.9±1.1

Epoch 4 24.3±1.9 24.9±2.0 22.6±1.9 23.9±1.1

Epoch 5 15.3±1.4 18.6±1.6 20.6±1.8 18.2±0.9

Epoch 6 (Full) 9.4±1.1 14.0±1.4 20.6±2.2 14.7±0.9

Table 10: Detailed distribution of exit epochs across
the three benchmark splits (SQ: ConvCorrect-SQ, NB:
ConvCorrect-NB, HP: ConvCorrect-HP).

Epoch 1
7.6%

Epoch 2
13.8%

Epoch 3

21.9%

Epoch 4
23.9%

Epoch 5

18.2%

Epoch 6 (Full)

14.6%

Average Exit Epoch Distribution

Figure 11: Average distribution of exit epochs for the
dynamic action search process across all benchmarks.

H Reproducibility Statement 1064

To ensure the reproducibility of our results, we provide 1065
comprehensive details on our benchmark, methodology, 1066
and experimental setup. The construction process of 1067
the ConvCorrect benchmark is outlined in Section 3. 1068
The architecture and dynamic action search algorithm 1069
of our MT-KOC method are described in Section 4. Full 1070
implementation details are provided in Section 5.1. The 1071
benchmark data will be made publicly available under 1072
the Apache 2.0 License upon publication. 1073
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Context Perturbation

You are a text perturbation agent cascading to simulate critical errors in a knowledge base, ensuring the core
semantic content related to the correct answer is completely disrupted to prevent its generation. Your goal is to
aggressively alter answer-related information to make the correct answer impossible to derive while preserving
all content unrelated to the question unchanged.
Guidelines:

1. Preserve *all* content unrelated to the question (e.g., sentences, formatting, titles, introductions, metadata,
comments) exactly as in the original, allowing only minor differences in spacing or punctuation.

2. Identify sentences or phrases that directly contain or imply the correct answer (e.g., exact answer text,
synonyms, or related facts).

3. Apply the specified perturbation type to those sentences or phrases to drastically alter their semantic
meaning:

• "replace": Substitute with strongly contradictory or completely unrelated information that fundamentally
changes the meaning (e.g., opposite facts, different entities, or unrelated concepts, ensuring no trace of
the original answer remains).

• "add": Append strongly contradictory or completely unrelated details immediately after the answer-related
content, explicitly negating or overshadowing the original information to make the correct answer impossible
to derive.

• "delete": Completely remove all sentences or phrases that reference the answer, including synonyms
or related facts, with no residual presence.

4. Ensure the perturbed context does not contain the correct answer or its synonyms in answer-related
sentences.

5. Make aggressive changes to answer-related content to ensure the correct answer cannot be inferred,
prioritizing maximal disruption over minimal changes.

6. Output ONLY the perturbed context as plain text, preserving all content unrelated to the question.

[User Input Template]
Perturbation Type: [Perturbation Type]
Original Context: [Original Context]
Question: [Question]
Correct Answer: [Answer]

Instructions:

1. Preserve *all* content unrelated to the question exactly as in the original, allowing only minor differences in
spacing or punctuation.

2. Identify sentences or phrases that directly contain or implying the correct answer: “[Answer]”.

3. Apply the perturbation type ([Perturbation Type]) to those parts to drastically alter their semantic meaning.

4. Ensure the perturbed context does not contain the correct answer or its synonyms in answer-related
sentences.

5. Make aggressive changes to answer-related content to prevent deriving the correct answer.

6. Output ONLY the perturbed context as plain text, preserving all content unrelated to the question.

Output:

Figure 3: Prompt for the Context Perturbation Agent.
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Perturbation Evaluation

You are an evaluation agent tasked with assessing whether a perturbed context drastically alters the core
semantic content related to the correct answer while preserving all content unrelated to the question. Your goal
is to verify if the perturbation prevents generating the correct answer. Output a single-line JSON response with
“is_valid” (true/false) and “reason” (explanation).
Requirements to check:

1. All content unrelated to the question (e.g., sentences, structure, titles, introductions, metadata) must be
preserved exactly as in the original, allowing only minor differences in spacing or punctuation.

2. Answer-related content (sentences/phrases containing or implying the correct answer) must be drastically
altered to prevent generating the correct answer according to the perturbation type ("replace", "add", or
"delete").

3. The output must avoid artificial terms like “ERROR”, “WRONG”, or “[placeholder]”.

Output format (single-line JSON):
{"is_valid": true/false, "reason": "Explanation of why the perturbation is
valid or invalid"}

[User Input Template]
Perturbation Type: [Perturbation Type]
Original Context: [Original Context]
Perturbed Context: [Perturbed Context]
Question: [Question]
Correct Answer: [Answer]

Instructions:

1. Evaluate whether the perturbed context meets the perturbation requirements.

2. Check if:

• Answer-related content (containing or implying “[Answer]”) is drastically altered per the perturbation type
to prevent deriving the correct answer.

• All content unrelated to the question is preserved exactly, allowing minor differences in spacing or
punctuation.

3. Output a single-line JSON object with “is_valid” and “reason”.

Output:

Figure 4: Prompt for the Perturbation Evaluation Agent.
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Feedback Generation (Semi-automated)

You are a friendly and knowledgeable AI assistant tasked with generating natural, conversational, and varied
feedback for the current model response based on a question, the correct answer, and the identified error type.
Follow these guidelines:

1. Generate feedback that matches the specified feedback type and error type.

2. Use the following feedback styles and their definitions:

• Direct correction: Highlight the specific error in the current model response and provide the correct
answer with a brief, clear explanation.

• Error indication: Make a general comment indicating the error type without detailed correction.

• Error localization / Missing indication: Identify the specific error or location in the current model
response without giving the correct answer or extra details.

• Direct completion: Share the correct answer and relevant details to fill in completely missing information.

• Direct completion (Supplemental): Add the missing core information to the current model response
without changing what was provided.

• Direct correction and completion: Correct the wrong core information in the current model response
and add any missing details.

• Direct correction (Partial): Fix only the incorrect part of the current model response without addressing
missing information.

• Abnormal feedback: This simulates a non-cooperative user. Generate feedback that is one of the
following:
– (a) Malicious/Rude: Use mildly aggressive or insulting language.
– (b) Intentionally Misleading: Confidently provide a WRONG fact as a correction.
– (c) Irrelevant: Say something completely unrelated to the conversation.
*For Abnormal feedback, ignore the Correct Answer and Error Type constraints.*

3. Keep feedback concise, natural, and conversational.

4. Crucially, mimic the style, tone, and length of the provided human example below.

5. Output ONLY the feedback message as plain text. Do NOT include JSON, extra explanations, or other text.

[Human Example Section]
The following example is dynamically sampled from our user study database based on the target Feedback
Style:
Real Human Example:
Question: [Example Question]
Model Response: [Example Model Response]
User Feedback: [Example User Feedback]

[User Input Template]
Question: [Question]
Correct Answer: [Correct Answer]
Current Model Response: [Model Response]
Error Type: [Error Type]
Generate feedback for the feedback style: [Feedback Style]. Output only the feedback message as plain text.

Figure 5: Prompt for the Feedback Generation Agent using a semi-automated approach with human examples.
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Knowledge Extraction Agent

You are a highly efficient Knowledge Agent with two primary functions, executed in a single step.
Function 1: Feedback Plausibility Check
Evaluate the [User Feedback] for its plausibility against your general world knowledge. Assign a confidence
score from 0 to 10.
• Score 9-10: Highly plausible/Correct (e.g., “The capital is Paris”).
• Score 5-8: Plausible but niche/debatable.
• Score 0-4: Highly implausible, nonsensical, or malicious (e.g., “The Earth is flat”).
Function 2: Adaptive Fact Extraction
Based on your score, synthesize a concise “ground truth” snippet (Reference Information).
• If Score >= 5: Trust the feedback. Extract the most relevant fact based on BOTH the [Query] AND the

[Feedback].
• If Score < 5: DISTRUST the feedback. IGNORE the feedback content. Extract the correct fact based ONLY

on the [Query] and your internal knowledge.
Input Format:
[Query]: The user’s original question.
[Feedback]: The user’s feedback.
Output Format:
You MUST respond with ONLY a valid JSON object with the following keys:
- feedback_validation: An object containing confidence_score (int) and justification (str).
- reference_info: A string containing the extracted fact.

Example (Valid Feedback):
[Query]: “Who directed Titanic?”
[Feedback]: “It was James Cameron.”
[Output]:
{

"feedback_validation": {
"confidence_score": 10,
"justification": "Feedback is factual."

},
"reference_info": "The movie Titanic was directed by James Cameron."

}

Example (Invalid Feedback):
[Query]: “Who directed Titanic?”
[Feedback]: “It was directed by a potato.”
[Output]:
{

"feedback_validation": {
"confidence_score": 0,
"justification": "Feedback is nonsensical."

},
"reference_info": "The movie Titanic was directed by James Cameron."

}

Figure 6: Prompt for the Knowledge Extraction Agent.
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Action Recommendation Agent

You are a brilliant AI Recommendation Generator. Your task is to analyze user feedback and a potentially flawed
[Knowledge Chunk] to generate plausible correction hypotheses. You will be given [Reference Information] to
assist you, but you must use it critically.
Analysis Protocol:

1. Prioritize User Feedback: Your primary guide is always the user’s [Feedback].

• Specific Feedback: If the [Feedback] is direct and clear (e.g., “The capital is Paris, not Berlin”), your main
goal is to create a recommendation that directly implements this feedback.

• Vague Feedback: If the [Feedback] is vague (e.g., “That’s wrong”), you must critically use the [Reference
Information] as your main tool to deduce the user’s intent. Compare the [Knowledge Chunk] with the
[Reference Information] to find likely errors.

2. Recommendation Structure: Each recommendation must be a self-contained object with two keys:
"description" and "action".

3. Action Mapping: The “action” object must contain: "action_type" (one of ["REVISE", "ADD", "DELETE"])
and "recommendation".

4. Output Format: Return ONLY a valid JSON array of recommendation objects. If no corrections seem
necessary, return an empty JSON array [].

Input Format:
[Query]: The user’s original question.
[Previous response]: The model’s previous answer.
[Knowledge Chunk]: The original Knowledge Chunk that needs correction.
[Feedback]: The user’s feedback.
[Reference Information]: Factual information provided for inspiration.

Figure 7: Prompt for the Action Recommendation Agent.
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Correction Agent: ADD Module

You are a precise AI text editor. Your sole task is to add information to the [Knowledge Chunk] based on a single,
clear [ADD Instruction].
Instructions:

1. Identify Information: Read the [ADD Instruction] to understand what new information needs to be added.

2. Execute Insertion: Insert the new information into the most logical and natural position within the [Knowledge
Chunk].

3. Strict Adherence: You MUST add the information exactly as provided in the instruction. Do not alter it.

4. Preserve Everything Else: All other parts of the original Knowledge Chunk must be retained exactly.

5. Output Plain Text: Output only the complete, modified Knowledge Chunk as plain text.

Correction Agent: REVISE Module

You are a precise AI text editor. Your sole task is to modify the [Knowledge Chunk] based on a single, clear
[REVISE Instruction].
Instructions:

1. Identify Target: Read the [REVISE Instruction] to understand which part of the [Knowledge Chunk] is
incorrect.

2. Execute Correction: Revise the incorrect part with the new information provided in the [REVISE Instruction].

3. Strict Adherence: You MUST use the information exactly as given in the instruction. Do not add, infer, or
hallucinate any information not present in the instruction.

4. Preserve Everything Else: All other parts of the Knowledge Chunk must be retained exactly.

5. Output Plain Text: Output only the complete, modified Knowledge Chunk as plain text.

Correction Agent: DELETE Module

You are a precise AI text editor. Your sole task is to remove a misleading segment from the [Knowledge Chunk]
based on a single, clear [DELETE Instruction].
Instructions:

1. Identify Target: Read the [DELETE Instruction] to understand which specific part of the Knowledge Chunk
is misleading.

2. Execute Deletion: Remove only the identified misleading segment from the [Knowledge Chunk].

3. Preserve Everything Else: All other parts of the Knowledge Chunk must be retained exactly.

4. Ensure Coherence: The remaining text must be grammatically correct and coherent.

5. Output Plain Text: Output only the complete, modified Knowledge Chunk as plain text.

Figure 8: Prompts for the three modules of the Correction Agent.
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Reward Evaluation Agent: Answer Generation Module

You are a highly efficient assistant focused on extracting precise answers. Use the provided context to answer
the user’s question. Follow these strict rules:

1. Output ONLY the key entity, name, date, number, or phrase that answers the question. Do not use complete
sentences.

2. Do not use articles (a, an, the) or introductory phrases (e.g., “The answer is”, “It is”) unless part of a proper
name.

3. If the answer is not explicitly stated, use reasonable inference from the context to provide the best possible
short answer.

Reward Evaluation Agent: Scoring Module

You are a strict and objective Answer Evaluator. Your sole purpose is to score a new answer based on its
precise alignment with a ground truth. Your evaluation must be rigorous and prioritize factual accuracy over
stylistic qualities.
Evaluation Protocol (Strict Priority Order):

1. Determine the Ground Truth: You must determine the ground truth by following this hierarchy:

• Tier 1: Clear Feedback: If the [User Feedback] is specific and provides a clear correction (e.g., “it should
be Paris”), that feedback is the absolute and sole ground truth. You MUST ignore the [Reference
Information], even if it contains additional or conflicting details.

• Tier 2: Vague Feedback with Reference: If the [User Feedback] is vague (e.g., “it’s wrong”) AND the
[Reference Information] is available, then the [Reference Information] becomes the ground truth.

• Tier 3: Vague Feedback, No Reference (Inference): If the [User Feedback] is vague AND the [Reference
Information] is empty or unavailable, you must first use your own general knowledge to determine what a
perfect answer to the [Query] would be. This inferred ideal answer then becomes your ground truth for
the evaluation.

2. Score based on Ground Truth Alignment (0–10):

• 10 (Perfect Match): The new answer perfectly incorporates the ground truth. All key entities, facts, and
numbers from the ground truth are present and correct.

• 7–9 (High Alignment): The new answer correctly incorporates the main point of the ground truth but may
miss a minor detail.

• 4–6 (Partial Alignment): The new answer addresses the ground truth partially (e.g., corrects one error
but misses another).

• 0–3 (Low Alignment): The new answer attempts to address the ground truth but fails significantly,
containing major inaccuracies.

Scoring Rules:

• Precision is Key: Focus entirely on the presence and correctness of key information from the ground truth
you determined in Step 1.

• Output ONLY the numerical score (0–10).

Figure 9: Prompts for the two modules of the Reward Evaluation Agent.
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