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[Abstract]

Recent LLM Multi-Agent Systems have demonstrated strong performance across various domains;
however, they are limited in that errors can propagate across steps due to their interaction structure.
Accordingly, the importance of failure attribution, which aims to identify the root cause of task failure,
has been increasingly emphasized. To address the limitation of existing methods that do not sufficiently
this

methodology. The proposed approach constructs a localized context around error steps identified by

capture interactions between adjacent steps, study proposes a window-augmentation-based
existing methods and re-identifies the decisive error step and responsible agent. Experimental results
show that the proposed method improves both step and agent accuracy over existing approaches.
Notably, the best performance is achieved with a window size of 3, highlighting the importance of
proper window size selection. These findings demonstrate that localized context-based analysis is

effective for failure attribution in multi-agent systems and can be extended to diverse environments.
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I. Introduction

Y 2i'd(deep learning) FoPr} wr2A] BRSIHA,
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RISiE] 31 It} LLMo)=t A}Ho] X 2](natural language
processing) HoF0] AMXNsH: @d(pre-trained model)
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II. Preliminaries

1. Large Language Models

LLM(Large Language Model)o]a&t A}do] 2]
(natural language processing) 2004 dz] &-85o]
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2. Multi-Agent Systems
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3. Failure Attribution in Multi-Agent Systems
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III. The Proposed Method

1. Overall Research Process

B zo| A= LLM HEJoo]FE A|AEI0] 9= Qo
Mo AR 7)7] et YO =7} y]dl upHE
z0 Wig A7) X
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LLM Multi-Agent System Log

L o S

Potential Error Step & Agent
® !

" Window Augmentation I

l

r
L
Augmented Potential Error Steps & Agents

3

L@

Traditional Error Attribution
(Var.1 All at Once / Var.2 Step by Step)

Window Focused Identification I

l .

ﬂ Decisive Error Step & Agent ’
Fig. 1. Overall Research Process

WA 71E LLM ZEJOo]HE AJARIS] HFAQ QF
Aol A4 YUR[201e Hgsto], AlAR A 2oy
B A& 92 oA U ofo] A E(potential error step &
agent)5 YAHO2 AMESIHD). olF =&Y HAHA
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A= Z7Hwindow augmentation)2 4385t9(®Q), &
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2. Traditional Error Attribution
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é

=29 23 33 W D oJo]HES ojujatct

HEHA 25 U ALolAE Fig. 29 2o LLMS
o83 £ JbA] BA WA AL £ WAL BE
UG U 212 BA oz AGST, 0RE B
sk Walah B4 TejolA Aol ZHech

Step 1
(a) All at Once Step2
Step 3
Step N

» @ ’ @ Decisive Error Step & Agent

Q
‘ @ ’ @ “No decisive errors found.”
== Q)
» » @ “No decisive errors found.”

(b) Step by Step

= @ a
Decisive Error Step & Agent

E@J

Fig. 2. lllustration of Baseline Methodologies[20]
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32 A FAoA A AR oF DAIE VIReR
= = = 5 K] z].©0 o
5l& QA HE V7 FASiS W Y 9 BRle=
243t ZAnolct
100.00
90.00 86.51
79.37 t
. 80.00 F 73.81 .
3\°, L]
Z 7000 F 65.08
E L]
g 60.00 F 51.50
i 50.00 f o
2
9 4000 F
30.00 [ 24.60
20.00 ‘
0 1 2 3 4 5
Tolerance Step ()

T {51, Sy s 7}

(A1) W, = {s;lmax(1,i—a) <j < min(T,i+a) }

Fig. 42 784 273 Zo] TRlo] 10, A= ¥9 a3k
o] 302 MY A2 s, ARE Q= T 5,0
T2t Yep7t olFshe ol Btk

Fig. 3. Relaxed Step Accuracy by Tolerance Step of
Step by Step Method
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3. Window Augmentation
2 oAM= Fig. 104 o] R0 1 &, 2 A+L]
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Window Sizea=3
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[—l—\
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] - B
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(b) Potential Error steps;=2 [ 1 B 3 [+ [s [ e[ 7]s ][] » 2

Window W,
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Fig. 4. lllustration of Window Augmentation Process
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4. Window Focused Identification
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(a) Augmented Window

a
|1|2|3|4|5E|8I9|10|
¥

(b) Window Focused Prompt Generation

You are an Al assistant - - - solving a real-world problems.

Window (global steps {3 to 9}): K
I{
“step”™: “3",
“name”: “WebSurfer”,
“content”: “I scrolled down one page in the browser. - - -.”

)

&

(c) Prompt-driven LLM Inference

€ &Y

(d) Decisive Error Step & Agent

. Decisive Error Agent: WebSurfer
[l Decisive Error Step: 3
Reason: WebSurfer clicked an - - -

Fig. 5. Window Focused ldentification Process
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Table 1. Example Case

Attribute Value
Where can I take martial arts
Problem classes within a five-minute walk
(Query) from the New York Stock
Exchange after work (7-9 pm)?
Answer Renzo Gracie Jiu-Jitsu
(Ground Truth) Wall Street

You are an Al assistant tasked with evaluating the correctness of each step

in an ongoing multi-agent conversation aimed at solving a real-world problem.
Select exactly ONE global step index that best represents the true critical mistake.
This should be the earliest step that directly leads to the failure.

Problem: Where can I take martial arts classes within a five-minute walk from the
New York Stock Exchange after work (7-9 pm)?

Answer: Renzo Gracie Jiu-Jitsu Wall Street

Window (global steps 3 to 9):

Respond ONLY in the format:
Agent: <exact agent name>
Step: <global step integer>
Reason: <short reason>

Fig. 6. Example of Window—Based Prompt Construction

Decisive Error Agent: WebSurfer

Decisive Error Step: 3

Reason: The WebSurfer failed to extract the correct information
(addresses and class schedules) from the initial search results and
instead clicked on irrelevant links, leading to a loop of unproductive
actions.

Fig. 7. Example of Final Output
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IV. Experiment
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Fig. 8. Overall Process of Performance Evaluation

Table 2. System Environments

CPU 24 Core
H/W RAM 32 GB
0s Windows 11
Python 3.12.8
S/W OpenAl SDK 1.59.3
LLM GPT-40

- AYOME (A), (B), (C), 22]aL D)ol d5E S
= ofoHE Ang Y ol vlmstol, B BEE
(step accuracy)2t o]o]ME A3tk (agent accuracy)s
AESH0]. WA PR o5Y 2PN 0F W
7t A TR dAJRt g ofulsty, oo]HE A
+ 54 278 7 olo|REZE AE ollo] - EQF UA]

& vlge oujgic

2. Experimental Results and Analysis
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Table 3. Accuracy of Each Process

Process Step Accuracy Agent Accuracy
(A) 0.1746 0.4444
(B) 0.2460 0.3571
© 0.4444 0.5873
(D) 0.4524 0.6270
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3. Performance Variation With Window Sizes
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Fig. 9. Performance Comparison across Window Sizes for

Processes (C) and (D)
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4. Generalization and Robustness Analysis
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Table 4. Accuracy of Each Process (GPT-4o0-mini)

Process Step Accuracy Agent Accuracy
(A) 0.0873 0.3889
(B) 0.1746 0.2857
(@) 0.1825 0.4762
(D) 0.2222 0.3968
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Table 5. Accuracy of Each Process (Hand-Crafted)

Process Step Accuracy Agent Accuracy
(A) 0.0172 0.5000
(B) 0.1207 0.4762
© 0.1897 0.5172
(D) 0.1724 0.5517
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V. Conclusions
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