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Abstract

Debugging Large Language Model-based Multi-
Agent Systems (LLM-MAS) is challenging
because failures emerge from semantic, non-
deterministic conversational breakdowns rather
than syntactic errors, turning verbose execution
logs into a major debugging bottleneck. Traditional
Spectrum-Based Fault Localization (SBFL) cannot
isolate these flaws since it tracks code-level execu-
tion rather than agent actions and interactions. This
research utilizes interaction pattern-based SBFL,
enhanced by Markov Chain Surprise and statistical
validation, to narrow the developer search space by
correlating short n-grams with execution failures.
Evaluated on the MAST dataset across MetaGPT,
ChatDev, HyperAgent, and AG2, the pipeline
abstracts raw logs into uniform sequences by using
a multi-framework tokenizer. Across the four
evaluated frameworks, at n=4, SBFL and Markov
surprise selected the same top-three candidate pat-
terns, although their internal rank order sometimes
differed. System effectiveness is evaluated through
single- and cross-task evaluations, qualitative
mapping to MAST failure modes, and semantic
verification via an LLM-as-a-judge baseline.
Additionally, this validation shows that top-ranked
windows capture initiating failure interactions
rather than downstream effects: on MetaGPT
traces, rank-1 windows receive a caused verdict in
68.4% of triggered failing runs at n=4 (and 70.4%
at n=3), vs. ∼15.3% for random windows, as well
as 63.4% vs. 20.9% on AG2 (n=4).

1 Introduction
Large Language Model-based Multi-Agent Systems (LLM-
MAS) are transforming software engineering by au-
tonomously handling complex tasks, from planning to cod-
ing and reviewing. By leveraging natural language to co-
ordinate specialized agents, these systems can operate with-
out direct human intervention [9]. However, as LLM-MAS
are deployed in increasingly complex scenarios, debugging
them has become an important bottleneck: verbose multi-
turn execution logs force developers to inspect long conver-
sational histories before locating where the execution first
breaks down. Unlike traditional software crashes that point
to specific lines of code [19], LLM-MAS failures are subtle,
semantic, and non-deterministic [4]. Rather than stemming
from isolated programming defects, these failures typically
manifest as consequences of inter-agent misalignments, se-
mantic ambiguities during task hand-offs, or inadequate ver-
ification loops. When an incorrect output occurs, identifying
the specific patterns most strongly associated with the failure
remains a significant challenge.

To address these identification limitations, multi-agent
trace analysis may be reframed by treating logs as sequen-
tial execution paths [18] and isolating recurring interaction
subsequences that present a significant statistical association

with failures. Traditional Spectrum-Based Fault Localization
(SBFL) provides a well-established frequency-based founda-
tion for this approach, ranking suspicious entities by their
statistical skew towards failing runs compared to successful
baselines [1; 19]. In software testing, these entities corre-
spond to static program statements or basic blocks observed
under deterministic execution paths. In an agentic environ-
ment, this localization mechanism must be translated to tar-
get dynamic, short interaction patterns captured over a unified
action vocabulary, prioritizing windows that contain initiating
failure interactions rather than eventual downstream effects.

Since LLM-MAS failures are difficult to localize from ver-
bose traces alone, this work asks the following primary re-
search question: To what extent can interaction pattern-based
SBFL and Markov Analysis identify and prioritize failure-
associated interaction patterns in LLM-MAS by correlating
them with execution failures? To tackle this, four research
questions are addressed:

• RQ1: How stable and failure-prone are interaction win-
dows ranked by SBFL and Markov surprise across mul-
tiple tasks within the same benchmark suite?

• RQ2: Which window length balances interpretability,
stability, and localization usefulness?

• RQ3: Can SBFL identify failures in repeated executions
of the same task?

• RQ4: Do top-ranked windows point to the initiating
failure of the run, not just subsequent symptoms?

This study offers three primary contributions to bridge
the gap between traditional software testing and LLM agent
actions and communication. First, it includes a multi-
framework tokenizer that deterministically maps raw, ver-
bose logs into a uniform vocabulary of abstract agent actions.
Second, it introduces a hybrid fault localization engine com-
bining coverage-focused SBFL formulas with Markov Chain
Surprise analysis to isolate both frequent failure-linked win-
dows and anomalous conversational transitions, as well as us-
ing statistical validation methods. Third, it includes an LLM-
as-a-judge evaluation that tests how well do top-ranked win-
dows contain initiating faults, providing semantic validation
beyond statistical association.

The remainder of this paper is organized as follows. Sec-
tion 2 reviews LLM-MAS, the MAST failure taxonomy,
cross-task and same-task trace aggregation, and prior work
on fault localization and multi-agent verification. Section
3 formalizes interaction-pattern failure identification and de-
scribes the tokenization pipeline together with the hybrid di-
agnostic mechanism (SBFL and Markov transition surprise).
Section 4 establishes the experimental baseline, describing
the evaluation data from the MAST suite and the multi-
framework evaluation setup. Section 5 reports findings for
RQ1–RQ4. Section 6 interprets ranked patterns as coordi-
nation mechanisms, discusses the practical value, states the
limitations, and illustrates one concrete localization example.
Section 7 presents the conclusions and outlines directions for
future research, while Section 8 reflects on data ethics and
reproducibility.



2 Background and Related Work
2.1 Frameworks and the MAST Taxonomy
LLM-MAS coordinate autonomous, role-driven agents
through natural language dialogue and structured tool use [9].
However, such platforms implement these execution environ-
ments differently, changing their underlying interaction pat-
terns:

• MetaGPT [10]: Enforces a rigid, document-driven col-
laboration workflow controlled by static Standard Oper-
ating Procedures (SOPs). Interactions are strictly bound
to role-based state changes and professional artifact gen-
eration loops.

• ChatDev [14]: Utilizes a sequential, game-like develop-
ment pipeline where pairs of agents communicate asyn-
chronously within isolated, phase-gated chat rooms to
iteratively design and refine software components.

• HyperAgent [13]: Coordinates operations via dynamic
task-graph decompositions, allowing flexible, asyn-
chronous planner-to-editor tool routing and alternating
multi-tool execution chains.

• AG2 [20]: Makes use of an event-driven architecture fo-
cused on conversation, where customizable agents inter-
act as peers rather than following fixed, linear phases.

To evaluate these multi-agent vulnerabilities systemati-
cally, the Multi-Agent System Failure Taxonomy (MAST) [4]
establishes a standardized suite consisting of 14 distinct se-
mantic failure classes organized into three foundational fam-
ilies: Specification issues (e.g., disobeying task constraints
or entering step repetition loops), Inter-agent misalignment
(e.g., reasoning-action mismatches or communication bound-
ary breakdowns), and Task verification vulnerabilities (e.g.,
weak or incomplete validation loops by critic components). A
complete reference mapping of all 14 failure modes, includ-
ing formal operational definitions, is provided in Appendix A.

2.2 Cross-Task and Same-Task Aggregation
Classical SBFL operates on execution traces generated by
running a static program across distinct test inputs to iso-
late explicit source-code defects. To adapt it to multi-agent
systems, the analysis must expand beyond static code bugs
to capture behavioral failures. Consequently, the analysis is
split into two configurations depending on whether the goal
is to find framework-wide interaction flaws or instance-level
bugs.

The cross-task configuration shifts the focus by holding
the multi-agent framework architecture constant while vary-
ing task requirements across a shared benchmark suite. This
setup abstracts away task-specific anomalies to isolate sys-
temic, framework-wide vulnerabilities that persist across dif-
ferent applications. Rather than pointing to a localized code
bug, this configuration identifies high-level interaction pat-
terns that are inherently prone to failure, offering a diagnostic
capability for architectural flaws.

Conversely, the same-task configuration provides a con-
trolled baseline that closely mirrors traditional software test-
ing by analyzing repeated executions of identical task in-

stances. By holding both task requirements and environ-
mental conditions constant, this configuration tests classical
SBFL core assumptions within a non-deterministic environ-
ment. It isolates the system to evaluate whether faults can be
localized similarly to traditional code defects, establishing a
way to evaluate the baseline performance and limits of clas-
sical SBFL when applied to LLM-MAS.

2.3 Fault localization and Verification of
Multi-Agents

Traditional fault localization for sequential architectures pri-
marily focuses on microservice causal discovery graphs [12]
and agent mutation testing [11; 15]. While effective
for infrastructure issues or explicit logic mutations, these
techniques assume a deterministic control flow. Conse-
quently, they cannot attribute faults that emerge from the
non-deterministic, inter-agent behaviors inherent in LLM-
MAS. [17; 14].

On the other hand, modeling execution logs as sequen-
tial text streams is a recognized strategy in software qual-
ity assurance. This methodology builds upon the core con-
cept of the Bugram framework [18], which demonstrated that
sequential token execution paths can be modeled effectively
through n-gram sliding windows to catch structural execu-
tion bugs. However, while Bugram targets low-level, de-
terministic source code syntax to find implementation bugs,
this research abstracts macro-level conversational logs to iso-
late non-deterministic, semantic interaction flaws between
autonomous agents.

While recent multi-agent literature has attempted to mon-
itor active conversational boundaries using online assertions
and runtime checks [16; 6], these monitoring techniques typ-
ically rely on handcrafted rules or isolated semantic checks.
For this reason, translating the n-gram abstraction of Bugram
from low-level token paths directly to multi-turn conversation
traces allows this framework to isolate architectural vulnera-
bilities across an entire multi-agent system without relying on
predefined rules.

Existing literature applies SBFL to multi-agent failure at-
tribution. FAMAS [8] replays repeated executions, abstracts
trajectories into activation patterns over agents and their
actions, and ranks candidate failure sources on the Who-
and-When dataset. That benchmark uses different hand-
crafted web-agent tasks (e.g., multi-step retrieval and open-
ended research queries), rather than the software-engineering
tasks represented in MAST: ProgramDev program synthe-
sis, SWE-Bench-Lite issue repair, and math-oriented runs
through MetaGPT, ChatDev, HyperAgent, and AG2. MAST
further annotates failures along a taxonomy in which defects
may appear at the level of a single agent action (e.g., an in-
correct edit or verification call) or as coordination faults that
develop across multiple actions and turns (e.g., stalled hand-
offs and repeated critique loops). However, although FAMAS
also covers AG2 (and Magentic-One, not analyzed here), a di-
rect comparison is not possible: it labels the specific roles and
actions behind a failure, while MAST annotates only the fail-
ure type, not where the root cause emerged, so the initiating
interaction this work localizes. The two use different labels,
not a shared metric.



1. Log Tokenization
Abstract raw logs into

standard token sequences

2. Window Mining
Extract contiguous n-

gram interaction windows

3. Contingency Counting
Compile fail vs. pass

matrix frequency profiles

4. Hybrid Ranking
Evaluate via SBFL formulae
& Markov transition surprise

5. Statistical Validation
Control FDR with Fisher/BH

& test bootstrap stability

6. Semantic Validation
Verify initiating fault capture

using LLM-as-a-judge

Figure 1: Interaction pattern-based fault localization pipeline, from
log abstraction to semantic validation.

Therefore, the proposed approach extends frequency-based
fault localization and sequential trace mining to multi-agent
logs in a software-engineering setting. Instead of evaluat-
ing static code blocks, relying on fixed runtime assertions,
or attributing isolated agent actions on general web tasks, the
method ranks abstracted interaction patterns that recur across
failing runs within each framework.

3 Methodology
Figure 1 outlines the six stages of the fault localiza-
tion methodology. The pipeline begins by parsing raw,
framework-specific conversational logs and mapping them to
a standardized, eight-token action vocabulary. Next, this to-
ken stream is organized into overlapping, contiguous n-gram
windows to capture agent interactions. The framework then
uses frequency profiles by tracking how often each unique
window appears across successful vs. failed execution traces,
prioritizing suspicious behavior by combining frequency-
based SBFL metrics with conditional Markov Chain transi-
tion surprise analysis. Discovered candidate patterns are then
filtered using Fisher’s Exact Test and Benjamini-Hochberg
adjustments to control false discoveries, along with boot-
strap resampling to verify structural ranking stability. Finally,
an LLM-as-a-judge model evaluates the top-ranked windows
to semantically confirm whether they pinpoint the initiating
fault rather than downstream system symptoms.

3.1 Problem Formulation and Formal Notation
Let D = {(xi, yi)}Ni=1 be an evaluation dataset consisting
of N independent multi-agent execution traces. Each raw
trace xi includes a framework-specific log containing asyn-
chronous agent statements, multi-turn tool invocations, and
internal orchestration metadata. The variable yi ∈ {0, 1} de-
notes the assigned binary execution label, where successful
runs form the negative baseline (yi = 0) and failed runs rep-
resent the target positive class (yi = 1).

Each individual trace xi is projected to a sequence si =
(ti,1, . . . , ti,Li

) of length Li through a deterministic mapping
function executed over a fixed action alphabet V:

f : xi 7→ si = (ti,1, ti,2, . . . , ti,Li
), where ti,j ∈ V (1)

Given a target sequence window length of order n, the set
of all unique contiguous sub-sequences mined from si is de-
fined as Gn(si). For any candidate n-gram pattern g ∈ Vn, a
binary presence indicator for trace i is defined as:

zi,g = 1[g ∈ Gn(si)] (2)

The fault localization unit is defined as an interaction pat-
tern g. The system processes these sequence vectors to pro-
duce three rank outputs: the primary spectrum-based ranking
ROchiai, the sequential transition ranking RMarkov and the com-
bined formula ranking RRRF.

3.2 Log Abstraction and Tokenization
Multi-agent execution logs are unstructured, framework-
specific text streams containing role-tagged turns, tool out-
puts, and orchestration metadata. To enable pattern discovery
across multiple frameworks, each raw trace xi is converted
into a standardized sequence over a shared action alphabet,
by using a deterministic three-stage pipeline:
1. Segmentation (Layer 1): A framework-specific parser

splits the raw log into an ordered list of events, isolating
speaker identities, raw text, and structural metadata.

2. Event Typing (Layer 2): Adapters assign each event a
framework-neutral event kind label (e.g., turn code,
terminal) using regex and milestone tags. This step
bridges the structural gap between diverse framework logs
and the shared vocabulary.

3. Semantic Projection (Layer 3): A shared labeling func-
tion maps each event to exactly one of the eight ac-
tion tokens (Table 1), producing the sequence si =
(ti,1, . . . , ti,Li

).
In scenarios featuring multi-label ambiguity (an event simul-
taneously exhibits characteristics of multiple action seman-
tics), Layer 3 resolves conflicts by evaluating a priority hierar-
chy. Infrastructure noise is isolated and filtered first, followed
by explicit runtime errors, validation outcomes, and finally
dialogue rules. For instance, an agent message containing
an unhandled exception traceback is prioritized as an ERROR
rather than normal dialogue, ensuring that critical structural
failures are not masked by background conversation.

Parser outputs were tested independently via an LLM qual-
ity judge on 260 MetaGPT/HyperAgent traces (1–5 rubric,
Appendix D.3). Ultimately, 94.6% of judged traces were ac-
curate overall (score ≥ 4 out of 5), supporting that mined
tokens reflect the actual coordination structure.

3.3 SBFL Mechanism
To determine coordination failures across traces, frequency-
based coverage metrics are computed over the abstracted in-
teraction patterns. For each unique candidate n-gram element
g, execution frequencies are compiled by cross-referencing
pattern indicators (zi,g) against binary execution labels (yi).
This updates a standard 2 × 2 contingency matrix consisting
of four absolute metrics:(
ef (g) ep(g)
nf (g) np(g)

)
=

N∑
i=1

(
zi,g · yi zi,g · (1− yi)

(1− zi,g) · yi (1− zi,g) · (1− yi)

)
where e and n denote presence and absence, while f and p
denote failing and passing runs.



Table 1: Action vocabulary

Token Operational meaning

REQUEST Initial task specifications, direct instructions, or subsequent explicit clarification prompts.
INFORM Default communication: context delivery, reasoning, status updates, or environment outputs.
ACT Executable work: tool invocation, code generation/execution, or post-verification repairs.
PLAN Architectural decomposition, role routing, phase handoffs, or coordination transitions.
VERIFY PASS Successful validation: passing test suites, environment assertions, or clean milestone reports.
VERIFY FAIL Failed validation: test failures, reviewer critiques, validator challenges, or error states.
TERMINATE Explicit task completion or final answer emission.
ERROR Hard runtime failures: Python tracebacks, tool crashes, or non-recoverable execution faults.

The primary suspiciousness profile relies on the Ochiai co-
efficient [2], which has been empirically shown to outper-
form other similarity metrics in fault localization accuracy,
flagging patterns common in failures while filtering out those
frequent in passing executions.

Ochiai(g) =
ef (g)√

(ef (g) + nf (g))(ef (g) + ep(g))
(3)

Sorting all candidate patterns in descending order of their
Ochiai coefficient leads to the primary spectrum ranking,
ROchiai.

To ensure that the prioritized patterns are not artifacts of
a specific coverage formula, four additional SBFL metrics
are concurrently computed: Tarantula, D∗, Jaccard, and OP2.
Reciprocal Rank Fusion (RRF) is applied to consolidate these
five independent equations into a single robust ranking [5]:

RRFformula(g) =
∑

m∈{Ochiai, Tarantula, D∗,Jaccard, OP2}

1

k + rm(g)

(4)
where rm(g) represents the absolute ordinal rank assigned to
pattern g by formula m. While Ochiai remains the primary
standalone metric for the main analysis, RRF serves as a sec-
ondary method that treats all five formulas equally. This un-
weighted approach is used as a consistency check to analyze
whether the aggregated multi-formula results align with the
primary Ochiai rankings, producing the RRRF ranking. Full
formula definitions are present in Appendix D.1.

Before statistical testing, mined patterns are selected us-
ing three operational filters to eliminate noise. First, a pat-
tern must appear in a minimum number of failing and total
traces to ensure significance. Second, it must not appear so
widely that it simply reflects generic framework overhead.
Finally, it must demonstrate a divergence between its failure
and success rates before entering the hypothesis testing phase.
These are fixed, pre-established hyperparameters: chosen be-
fore analysis, held constant across all frameworks and n-gram
orders, and not tuned on reported outcomes. Thus, this fil-
tering process ensures that this mechanism focuses on wide,
repeating flaws in how the agents coordinate rather than iso-
lated, incidental execution errors. All threshold parameters
are detailed in the experimental setup section, 4.2.

3.4 Sequential Markov Transition Surprise
Since frequency-based metrics do not take into account the
sequential probability of each step, the localization frame-
work is complemented by a conditional sequence model.

Multi-agent conversation traces are modeled as an n-gram
Markov chain over the action tokens in V . Each step is scored
by a conditional probability Ppass(tk | tk−n+1, . . . , tk−1) =
count(tk−n+1,...,tk−1,tk)+k
count(tk−n+1,...,tk−1)+k |V′| , estimated from successful execu-
tions only (yi = 0). For a trace si = (t1, . . . , tL), the pass-
only likelihood factorizes as Ppass(si) =

∏|si|
k=n Ppass(tk |

tk−n+1, . . . , tk−1), capturing the expected communication
routing of a stable task run. While SBFL focuses on win-
dows that are common across failures, Markov surprise ranks
interaction patterns whose containing traces present anoma-
lous step transitions under this pass-only baseline.

For each trace si, sequence surprise is the average per-step
negative log-likelihood of the full token sequence under Ppass:

S(si) = − 1

|si|
logPpass(si). (5)

For an n-gram pattern g = (t1, t2, . . . , tn), − logPpass(g)
is not scored in isolation. Instead, the mean trace surprise
is compared between failing and passing runs in which g is
present. The sequence surprise contrast is:
∆surprise(g) = Efail[S(si) | g ∈ si]− Epass[S(si) | g ∈ si]

(6)
where the expectations are sample averages over failing traces
Dfail(g) and passing traces Dpass(g) that contain g:

Ec[S | g] = 1

|Dc(g)|
∑

si∈Dc(g)

S(si). (7)

Ordering patterns by descending ∆surprise yields the Markov
ranking RMarkov. Aggregating successful runs across the eval-
uation suite provides a robust model of standard, framework-
wide coordination. Thus, deviations from standard coordi-
nation appear as increased sequence surprise under the pass-
only model.

3.5 Statistical Validation of Failure-Prone Patterns
While SBFL and Markov rankings isolate candidate patterns,
ranking alone does not account for the multiple testing prob-
lem inherent in datasets. To bridge this gap, candidate se-
quences are evaluated through a hypothesis-testing pipeline
that simultaneously verifies failure association strength, con-
trols for false discoveries, and tracks ranking stability under
resampling.

For each candidate pattern g, failure association is assessed
with a one-sided Fisher’s exact test [7] on the 2 × 2 con-
tingency table formed from (ef , ep, nf , np). This test eval-
uates whether the pattern appears in failing traces frequently



enough to establish a true statistical correlation, rather than
showing up by random chance. The test outputs a nominal
p-value, computed as:

p =
(ef + ep)! (nf + np)! (ef + nf )! (ep + np)!

ef ! ep!nf !np!N !
(8)

where N is the total number of independent execution traces
(N = ef + ep + nf + np). Specifically, it compares the fail-
ure rate ef/(ef + nf ) with the pass rate ep/(ep + np) under
the null hypothesis that g is not associated with failure (g oc-
curs at an equal or lower rate in failing traces than in passing
ones). To address n-gram sparsity, testing is restricted to a
pre-specified candidate family Gtest defined as:

Gtest =
{
g ∈ Gn

∣∣∣ ∆prop(g) ≥ ∆min, Ochiai(g) > 0
}

(9)

where ∆prop(g) represents the fail-pass proportion difference:

∆prop(g) =
ef (g)

ef (g) + nf (g)
− ep(g)

ep(g) + np(g)
(10)

and ∆min is the minimum required effect-size threshold. Can-
didates within Gtest are ordered by Ochiai score and capped at
a maximum testing size of Kcap = 20.

Within each testing family of size m = |Gtest|, nomi-
nal p-values are sorted as p(1) ≤ · · · ≤ p(m). Under the
Benjamini–Hochberg (BH) method [3], the adjusted q-value
for the pattern with rank i is calculated as:

q(i) = min

(
1, min

j≥i

{
m

j
p(j)

})
. (11)

Discovered patterns are categorized into three distinct report-
ing tiers based on this evaluation: bh significant patterns
fall within Gtest and satisfy q ≤ αFDR, indicating statisti-
cally supported failure association; descriptive patterns
capture high-ranking sequences with substantial ∆ or Ochiai
scores that fail to meet the adjusted significance threshold
(q > αFDR); and untested patterns fall outside Gtest, mean-
ing they are omitted from the hypothesis testing pipeline.

Finally, to ensure that point-estimate significance is not just
an artifact of sampling variation, ranking stability is evalu-
ated through a nonparametric bootstrap over the trace dataset.
For each of B resamples drawn with replacement, SBFL
scores are recomputed over the baseline top pattern pool to
determine how consistently a pattern appears within the top-
kstability set. The bootstrap retention frequency is defined as:

π̂(g) =
1

B

B∑
b=1

1
[
g ∈ Top-k(b)stability

]
, (12)

where Top-k(b)stability represents the top ranking under resample
b, with k=10. This metric decouples statistical significance
from structural stability: a pattern may achieve q ≤ αFDR yet
present high sensitivity to data composition, or remain highly
stable across resamples without qualifying for Gtest.

3.6 Semantic Validation of Localized Windows
Statistical ranking identifies failure-associated interaction
windows but does not, by itself, establish that a highlighted

window contains the initiating fault. To evaluate localiza-
tion usefulness separately from this designed framework, an
LLM-as-a-judge pipeline is applied.

For each failing trace in which a discovered pattern ap-
pears, the first occurrence of the pattern window is presented
to a judge model as a fixed-length highlighted slice of the to-
kenized trace. The judge returns a binary verdict: caused
if the window contains the initiating fault (the earliest con-
crete mistake that puts the run on the path to failure) and
not caused if the window captures only downstream effects
or if the origin lies outside the slice.

Aggregated metrics report caused / triggered (share of fail-
ing runs that contain the respective window, judged caused).
Random window controls drawn from the same failing traces,
without ranking guidance, approximate undirected log in-
spection and provide a semantic baseline for comparison.

4 Experimental Setup
4.1 Evaluation Data
The cross-task quantitative experiments use execution traces
from the MAST Dataset (MAD) [4]. Each record is one com-
plete multi-agent system run: a hierarchical execution log, a
binary task outcome (pass vs. fail), and a binary list of failure
types (1 if applicable, 0 otherwise). The same-task HyperA-
gent runs were generated using deepseek-v4-pro. Table 2 lists
the four used frameworks, broken down by pass/fail counts.
All code artifacts, datasets, and experiment scripts are pub-
licly available and can be found on GitHub.

Table 2: MAST evaluation dataset trace aggregates by framework.

Framework Pass Fail Total

AG2 100 497 597
ChatDev 37 93 130
HyperAgent 16 14 30
MetaGPT 58 172 230

Total 211 776 987

4.2 Experimental Process and Parameters
The design varies framework and the n-gram length n ∈
{2, 3, 4, 5}. Primary analysis uses n=3 and n=4. n=2 pro-
vides a coarse sensitivity check, while n=5 is reported only
in the appendix since longer windows capture more trace-
specific variations.

Table 3 presents the support, prevalence, testing, and re-
sampling thresholds. A minimum amount of 3 failing traces
and 5 total traces ensures that patterns recur across indepen-
dent failures rather than in isolated runs. On HyperAgent,
the smallest subset, these bounds require windows in at least
21% of failures and 17% of all traces. Also, A 75% cover-
age cap filters out common framework routines that appear
in more than three-quarters of all execution traces. Since
these highly frequent patterns occur regularly in both pass-
ing and failing runs, they represent standard operational over-
head rather than windows strongly associated with failures.
A required effect-size gap of ∆ ≥ 0.10 establishes a clear

https://github.com/BogdanDum/interaction-pattern-fault-localization


Table 3: Experimental thresholds.

Setting Value

Minimum failing-trace support 3
Minimum total-trace support 5
Maximum cross-trace coverage 0.75
Fisher testing Top 20 by Ochiai, fail-

pass gap ∆prop ≥ 0.10
FDR q ≤ 0.05
Bootstrap / Bootstrap seed B=100, seed 42
RRF (formula fusion) k=60

divergence between failure and success rates. This coverage
difference separates fault-linked windows from high-Ochiai
boilerplate sequences that show minimal statistical differen-
tiation. Additionally, capping the Fisher family and applying
FDR control limit false positives under n-gram sparsity, while
bootstrap resampling checks whether top-10 ranks are stable
under trace resampling.

Furthermore, the final LLM-as-a-judge evaluation uses
deepseek-v4-pro at temperature 0. For each failing trace
where the rank-1 SBFL pattern appears, the judge evaluates
the first occurrence of that pattern as a fixed 4-token win-
dow highlighted within the tokenized trace and raw event seg-
ment. The verdict is caused when the window contains the
initiating fault and not caused otherwise. A paired random-
window control extracts one fixed-length slice per triggered
failing trace from the same run. This approximates undirected
trace inspection (opening a random log segment rather than
the prioritized window) and serves as an operational lower
bound, not a human debugging study. This approach covers
MetaGPT cross-task rank-1 windows at n ∈ {2, 3, 4}, AG2
cross-task rank-1 windows at n = 4 and HyperAgent cross-
task and same-task (RQ3) rank-1 windows at n ∈ {2, 3, 4}.
Reported metrics are caused / triggered (share of triggered
failing runs where the pattern is judged as caused). The full
judge prompt is in Appendix C.2.

5 Results
5.1 RQ1: Cross-Task Pattern Discovery
For all four frameworks, ROchiai and RMarkov select the same
top-3 pattern set (3/3 exact overlap), though rank order can
differ (HyperAgent and AG2). This agreement confirms that
these prioritized interaction windows are robust and mean-
ingful, rather than artifacts of a single ranking metric. Instead
of indicating architectural redundancy, this alignment reveals
that primary multi-agent failure sequences are simultaneously
frequent across localized system issues (SBFL) and highly
anomalous relative to standard successful transitions (Markov
surprise). RRRF overlaps with ROchiai on the same top-3 sets
(3/3) in every framework, proving that overall combining
these methods simply reshuffles the same top results instead
of highlighting new ones. Bootstrap resampling (B=100)
yields near-100% SBFL rank-1 retention across frameworks,
while hybrid rank-1 agreement (SBFL vs. Markov) remains
high except for HyperAgent at n=4 (52%).

Table 4 lists the top-3 SBFL and Markov patterns at n=4.
Under BH control (q ≤ 0.05), MetaGPT shows statisti-

Table 4: Top-3 patterns by framework n=4.

Fw. Rk Pattern Och. ∆surp Tier

MetaGPT 1 REQ:PLAN:ACT:VF 0.74 0.11 bh sig.
2 VF:INF:VF:INF 0.73 0.10 bh sig.
3 PLAN:ACT:VF:ACT 0.70 0.06 bh sig.

ChatDev 1 ACT:INF:ACT:TERM 0.70 0.10 descript.
2 ACT:VP:PLAN:ACT 0.64 0.05 descript.
3 VP:PLAN:ACT:INF 0.62 0.04 bh sig.

HyperAgent 1 PLAN:ACT:TERM:ACT 0.62 0.05 descript.
2 TERM:PLAN:ACT:PLAN 0.58 0.17 descript.
3 ACT:PLAN:ACT:PLAN 0.54 0.14 descript.

AG2 1 REQ:PLAN:ACT:INF 0.65 0.11 descript.
2 PLAN:ACT:INF:TERM 0.56 0.15 descript.
3 ACT:INF:TERM:INF 0.50 0.17 descript.

Abbrev.: REQ = REQUEST; INF = INFORM; TERM = TERMINATE;
VP = VERIFY PASS; VF = VERIFY FAIL. Ranks by Ochiai (SBFL).

cally supported patterns at all three top ranks. For ChatDev,
rank-1 (ACT:INF:ACT:TERM) is descriptive, being common
in both outcomes with low fail-pass separation, whereas rank-
3 (VP:PLAN:ACT:INF) meets the significance threshold. For
HyperAgent and AG2, all top-3 patterns remain descriptive
under the Fisher candidate policy (top 20 patterns with fail-
pass ∆prop ≥ 0.10). Ultimately, these statistical distributions
imply that multi-agent systems present stable, framework-
specific interaction anomalies across varying tasks. While
these quantitative metrics establish pattern stability, the spe-
cific mechanisms and semantic interpretations of these win-
dows as behavior and coordination are discussed in Section 6.

5.2 RQ2: N -Gram Granularity, Specificity, and
Stability

Window lengths n ∈ {2, 3, 4, 5} were evaluated to balance
interpretability and stability. Figure 2 measures structural
stability as the Jaccard overlap of top-10 bigram-transition
sets between adjacent lengths (set Jaccard defined in Ap-
pendix D.2). The n=3↔4 transition achieves the highest
mean overlap (≈ 0.78), whereas n=2 yields coarse bigrams
and n=5 reshuffles top transition sets for MetaGPT and Hy-
perAgent (Appendix C.1). These results justify using n=4
and n=3 for primary analysis.

5.3 RQ3: Same-Task Localization
Compared to cross-task generality which was addressed
previously, RQ3 isolates a single task to hold require-
ments constant and test SBFL’s core assumptions under re-
peated execution. Analysis is conducted on 186 gener-
ated HyperAgent executions with deepseek-v4-pro model
on SWE-bench Verified instance psf requests-1142 (115
pass, 71 fail), where the required fix is localized to
prepare content length in requests/models.py. The
tokenizer maps these logs into the shared vocabulary (Sub-
section 3.2). Sequences are mined at n ∈ {3, 4} and ranked
via Ochiai.

Table 5 reports the top patterns at n = 4. Rank-1
REQ:PLAN:ACT:VERIFY FAIL achieves Ochiai = 0.79 with
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Figure 2: Structural stability across adjacent window lengths. For
each framework and pair (n, n+1), SBFL top-10 patterns are com-
bined at both lengths and Jaccard overlap of their bigram-transition
sets is computed.

MetaGPT ChatDev HyperAgent AG2

Table 5: Same-task SBFL top patterns (n=4, HyperAgent).

Rk Pattern Och. ∆prop Tier

1 REQ:PLAN:ACT:VF 0.79 0.63 bh sig.
2 ACT:VF:ACT:VF 0.75 0.57 bh sig.
3 VF:ACT:VF:ACT 0.73 0.55 bh sig.

Abbrev.: REQ = REQUEST; VF = VERIFY FAIL.

∆prop = 0.63, while ranks 2–3 are verify-failure loops (all
q ≤ 0.001). Bootstrap rank-1 retention is 84% at n = 4.

SBFL localizes which runs fail the SWE-bench oracle
after patch submission rather than the ground-truth line in
prepare content length: both outcomes reach the correct
function, but failing runs submit test-rejecting patches.

5.4 RQ4: Semantic Validation via
LLM-as-a-Judge

To evaluate the practical debugging utility, RQ4 measures
how consistently do top-ranked windows pinpoint initiating
faults within multi-agent failure traces. Figure 3 includes
MetaGPT cross-task results across n ∈ {2, 3, 4}: at n=4,
67 of 98 triggered failing runs (68.4%) receive a caused ver-
dict, compared with 15.3% (15/98) for paired random win-
dows. At n=3, caused / triggered rises to 70.4% (69/98), vs.
16.3% (16/98) for random controls. Moreover, for AG2, at
n=4, RQ4 identifies initiating faults in 63.4% (149/235) of
rank-1 windows, compared to just 20.9% (49/235) for ran-
dom controls. Even though this rank-1 window is not labeled
bh sig under the Fisher/BH policy, the performance differ-
ence demonstrates that evaluating top-ranked windows is still
significantly more effective than random inspection.

As a result, Rank-1 windows are judged to contain initiat-
ing faults far more often than random controls (and thus more
often than undirected inspection of the same trace would),
supporting their use as debugging targets rather than only iso-
lated statistical correlations. However, with only 9 triggered
runs out of 14 for HyperAgent cross-task, the rank-1 caused
rate (2/9, 95% Wilson CI [6%, 55%]) overlaps the random
baseline’s interval (0/9, [0%, 30%]). Thus, the HyperAgent
cross-task result lacks the statistical power to be conclusive

Figure 3: LLM judge caused rate for rank-1 windows vs. paired
random controls. (a) MetaGPT cross-task at n ∈ {2, 3, 4}; (b) AG2
cross-task at n=4; (c) HyperAgent cross-task at n ∈ {2, 3, 4} and
same-task RQ3 at n=4.

and is reported for completeness, not as definitive support.
On the other hand, on same-task Hyperagent from Subsec-
tion 5.3 (psf requests-1142), the results are much bet-
ter, with rank-1 windows receiving a caused verdict in 27/42
triggered failing runs (64.3%), vs. 0/42 for random windows.

6 Discussion
6.1 From Patterns to Failure Mechanisms
On MetaGPT, the rank-1 pattern REQ:PLAN:ACT:VF captures
the standard operational workflow up to the initial validation
rejection. Within the MAST taxonomy, this specific sequence
frequently signals a breakdown in Task Verification (FC3),
where a reviewer critique or test failure (VERIFY FAIL) oc-
curs but fails to trigger an effective correction loop. For
traces mapped to inadequate verification (such as MAST 3.2),
this pattern demonstrates that while verification components
are used, the system cannot recover from the reported er-
rors. Downstream execution typically stagnates into repeti-
tive critiques, failing to produce code fixes that resolve the
core implementation-test misalignment.

Rank-2 (VF:INF:VF:INF) describes this subsequent
phase. After the first failed check, agents often continue ex-
changing status and critiques without an effective repair ACT.
Repeated VERIFY FAIL tokens in this loop are consistent
with verification that remains active but never closes the crit-
ical gap, rather than with absent verification. The same stag-
nation can also align with Reasoning-action mismatch (2.6)
or Fail to ask for clarification (2.2) when agents discuss the
problem without resolving it. Rank-3 (PLAN:ACT:VF:ACT)
contrasts with rank-2: after VERIFY FAIL, agents replan and
patch instead of only inform, sometimes fixing the run, some-
times failing again.

On ChatDev, rank-3 VP:PLAN:ACT:INF is the most
failure-specific pattern: a validator emits VERIFY PASS,
agents replan based on that, and the trace ends in open-ended
INFORM, consistent with Incomplete or incorrect verifica-
tion (3.2-3.3), since correct verifications still result in a fail-
ing run eventually.

HyperAgent cross-task rank-1 (PLAN:ACT:TERM:ACT) and
AG2 rank-1 (REQ:PLAN:ACT:INF) describe coordination
stagnation with weak verification structure. RQ4 judge rates
on cross-task HyperAgent are low (2/9), so these patterns are



better read as framework-level workflow signals than as re-
liable initiating-fault windows. This interpretation is further
limited by HyperAgent’s small cross-task fail pool (30 total
runs, 14 failing runs, 9 triggered runs by rank-1).

6.2 Practical Value and Illustrative Localization
While statistical ranking identifies coordination windows that
co-occur with failure, RQ4 complements this with a semantic
check: whether a highlighted window contains the initiating
fault (the earliest concrete mistake that commits the run to
failure). Furthermore, the overall output consists of a ranked
list of suspicious interaction windows prioritized for raw log
inspection, which additionally pinpoint potential recurring,
failure-associated patterns.

For instance, for MetaGPT (cross-task), consider Pro-
gramDev trace tid47, where the team must build a
CLI that rejoins split file parts (e.g., test.part001,
test.part002, . . . ) into the original file. Rank-1 inter-
action window REQ:PLAN:ACT:VF fires at the first valida-
tion arc. Here, REQUEST is the user requirement, PLAN
is role coordination, ACT is the engineer’s first imple-
mentation (join file parts), and VERIFY FAIL is the
tester’s/reviewer’s first rejection (the reviewer notes that the
code cannot handle missing middle parts or a missing first
part). The judge returns caused: this four-turn handoff is
the initiating interaction, because the team moves from plan-
ning to delivery to verification before the defect is caught, and
the first ACT-VERIFY FAIL exchange already exposes flawed
join logic. Later VERIFY FAIL:INFORM turns only extend the
same critique loop. Thus, inspection can begin at this first
implement-and-verify interaction rather than at a later stage
of the trace.

6.3 Threats to Validity and Limitations
Some factors may limit how well the results generalize:

• No root-cause ground truth: MAST annotates which
failure type occurred, but not where it originated, so
there are no labels marking the initiating action or inter-
action that represents the root cause. Since this work lo-
calizes that initiating window, all caused/triggered vali-
dation relies on an LLM-as-a-judge proxy rather than a
verified expert-labeled source.

• Sample size and imbalance: The evaluation includes
987 total traces, but the distribution across frameworks
is unequal. HyperAgent is particularly small (30 traces),
and some AG2 splits are extremely skewed toward fail-
ing runs. MetaGPT and ChatDev provide larger pools
and more stable rankings.

• LLM judge reliability: Semantic validation uses a
single model (deepseek-v4-pro) with a fixed robust
prompt and no human in the loop. Thus, verdicts de-
pend on both the LLM and the prompt, and should be
treated as scalable semantic checks, not ground truth.

• Parser accuracy: The tokenizer relies on determinis-
tic, rule-based matching. While this is very fast and en-
sures reproducibility, an independent LLM quality judge
rated 94.6% of sampled traces as accurate overall (Ap-
pendix D.3), though HyperAgent failing traces scored

lower (71.4%) than MetaGPT failing ones (98.3%). It
cannot capture every nuance of natural-language agent
dialogue. Therefore, the focus is on patterns that high-
light plausible coordination windows to inspect, not a
perfect transcript of raw interaction logs.

• Rankings purpose: This approach is designed to flag
suspicious coordination patterns for review, not to pro-
vide fully automated root-cause diagnosis. Cross-task
pooling targets broad framework-level tendencies rather
than single-task bugs, and the eight-token vocabulary in-
tentionally trades granular semantic detail for universal
analysis. Thus, the results serve as a prioritized debug-
ging starting point.

7 Conclusions and Future Work
Interaction-pattern SBFL with Markov transition analysis
successfully prioritizes failure-associated patterns in LLM-
MAS logs, within the defined operational boundaries. Un-
der cross-task pooling, SBFL and Markov identify the same
top-three pattern set in every framework, with bootstrap-
stable rank-1 retention on MetaGPT, a descriptive rank-1
but sharper rank-3 signal on ChatDev, and predominantly
descriptive top ranks on HyperAgent and AG2. RRF re-
orders candidates within this shared set rather than introduc-
ing new patterns, and window lengths n=3/4 balance inter-
pretability and rank stability. RQ4 judge validation indicates
that rank-1 windows localize initiating faults more often than
paired random controls on MetaGPT cross-task traces (68.4%
vs. ∼15.3% caused / triggered at n=4, 70.4% at n=3) and
on AG2 at n=4 (63.4% vs. 20.9%). HyperAgent cross-task
judge rates use only nine triggered rank-1 windows from a
30-trace pool, so top windows should be read as indicative
rather than conclusive. On AG2, while rank-1 does not meet
BH-supported criteria, the semantic validation still judges its
first occurrences to contain initiating faults far more often
than paired random windows at n=4, so this still represents a
useful debugging start point. Moreover, the code-based to-
kenization pipeline prioritizes determinism, reproducibility
and speed over complete semantic capture.

Future work should test this pipeline on a wider variety
of LLM-MAS architectures by collecting more, as well as
better balanced, execution traces. Transitioning from offline
analysis to live operations would allow the system to match
patterns against tokenized traces during the run, catching sus-
picious coordination windows before a full system failure
occurs. These early warnings could trigger automated self-
repair, such as an immediate critic rerun, a replanning step,
or a rollback to a safe state. Finally, with these capabilities in
place, user studies should quantify how much debugging time
this pattern-guided approach saves compared to scanning raw
logs, and how effectively it helps people isolate root causes.

8 Responsible Research
To ensure full reproducibility, the entire evaluation pipeline
(including the multi-framework tokenizer, SBFL execution
formulas, Markov chain surprise computations, and statisti-
cal validation workflows) is constructed to be entirely deter-
ministic given a fixed input dataset. To enable full external



replicability and verification, all source code, environment
configurations, and experimental scripts, along with the ex-
tracted execution datasets, have been made publicly available
on GitHub. This allows full replicability, so people can di-
rectly recreate every table, figure, and ranking metric pre-
sented in this study.

For the LLM-as-a-judge semantic validation, model tem-
perature was set to 0, each highlighted window received a sin-
gle verdict and a seed was fixed for the selection of baseline
comparison windows. Additionally, the prompt template was
kept constant from the beginning and not iteratively tuned
to produce more favorable results. However, to isolate more
comprehensively how LLM non-determinism might influence
pattern categorization and judge stability, evaluating alterna-
tive configurations with judge temperatures greater than zero
(T > 0) remains an important direction for future work.

Research integrity was maintained by pre-establishing all
baseline operational thresholds (such as minimum failing-
trace support counts, false discovery rate boundaries - q ≤
0.05 - and the eight-token action vocabulary) prior to execut-
ing the pattern discovery and evaluation pipeline. This delib-
erate separation prevented hyperparameter tuning designed to
favor specific multi-agent frameworks. Weaker or more de-
scriptive framework outcomes, such as HyperAgent’s lower
hybrid agreement profile, are reported with the same trans-
parency as MetaGPT’s stronger statistical results.

Furthermore, generative AI tools (Gemini 3.5 Flash) were
used during the study to improve grammatical structure and
clarity, assist in formatting layouts within the Overleaf envi-
ronment, and support the development of data plotting and
final experimental scripts. Finally, regarding data ethics, this
study relies exclusively on open-source, publicly released
benchmark execution logs and involves no human subjects.
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A Complete MAST Taxonomy Reference
This appendix lists the 14 failure modes from the Multi-Agent System Failure Taxonomy (MAST) [4]. Table 6 gives each code,
official name, and operational definition.

Table 6: Complete mapping of the 14 MAST failure modes (FM-1.1–FM-3.3).

Failure family Code — Failure mode Operational definition

FC1: Specifica-
tion issues (sys-
tem design)

1.1 — Disobey task specification Failure to adhere to the specified con-
straints or requirements of a given task,
leading to suboptimal or incorrect out-
comes.

1.2 — Disobey role specification Failure to adhere to the defined respon-
sibilities and constraints of an assigned
role, potentially leading to an agent be-
having like another.

1.3 — Step repetition Unnecessary reiteration of previously
completed steps in a process, potentially
causing delays or errors in task comple-
tion.

1.4 — Loss of conversation history Unexpected context truncation, disre-
garding recent interaction history and re-
verting to an antecedent conversational
state.

1.5 — Unaware of termination conditions Lack of recognition or understanding of
the criteria that should trigger termina-
tion of the agents’ interaction, potentially
leading to unnecessary continuation.

FC2: Inter-
agent misalign-
ment

2.1 — Conversation reset Unexpected or unwarranted restarting of
a dialogue, potentially losing context and
progress made in the interaction.

2.2 — Fail to ask for clarification Inability to request additional informa-
tion from another agent when faced with
unclear or incomplete data, potentially
resulting in incorrect actions.

2.3 — Task derailment Deviation from the intended objective or
focus of a given task, potentially resulting
in irrelevant or unproductive actions.

2.4 — Information withholding Failure to share important data that an
agent has already obtained, potentially
leading to failures or inefficiencies for
other agents.

2.5 — Ignored other agents’ input Disregarding or failing to adequately
consider input or recommendations pro-
vided by other agents, potentially leading
to suboptimal decisions or missed collab-
oration.

2.6 — Reasoning–action mismatch Discrepancy between the logical reason-
ing process and the actual actions taken
by an agent, potentially resulting in un-
expected or undesired behaviors.

FC3: Task veri-
fication

3.1 — Premature termination Ending a dialogue, interaction, or task be-
fore all necessary information has been
exchanged or objectives met (e.g., miss-
ing verification of outputs or failure to
communicate key data before shutdown).

3.2 — No or incomplete verification Failure to adequately validate or cross-
check crucial information or decisions
during iterations when verification is ex-
pected (verifier present but weak, poorly
designed, or incomplete coverage of ro-
bustness and edge cases).



Table 6: Complete mapping of the 14 MAST failure modes (FM-1.1–FM-3.3).

Failure family Code — Failure mode Operational definition

3.3 — Incorrect verification Omission of proper checking or confir-
mation of task outcomes or system out-
puts, potentially allowing errors or incon-
sistencies to propagate undetected.

B Framework Token Mapping Rules
Representative Layer-2 to action-token mapping rules for each framework parser.

Table 7: Framework-specific log signals mapped to action tokens (high-level representative rules).

Framework Layer-2 signal Action mapping and distinguishing rules

MetaGPT requirement REQUEST on the first UserRequirement / add requirement action or content
block.

action invoke, turn code ACT when actions contain runcode, run terminal, pytest, tool call, or
when Coder/Engineer agents emit code blocks or Python keywords (def , class
, import ).

reviewer turn VERIFY FAIL on critique headers or challenge keywords from Re-
viewer/Critic/Tester agents on fail-path traces. Tester reposts of pytest code
after critique remain ACT.

milestone ret {fail,success} VERIFY FAIL / VERIFY PASS from pytest output patterns (short test
summary, N failed).

terminal TERMINATE on each terminal event. A conditional log-closure TERMINATE may
be appended when the raw log contains Communication Log Ended, unless a
stuck verify loop (≥ 2 VERIFY FAIL) suppresses clean closure.

route (From: header) PLAN for role routing, except Coder → Tester handoffs carrying code, which map
to ACT/INFORM.

ChatDev Warehouse milestones Milestone keys influence typing: TestErrorSummary → VERIFY FAIL.
TestReports/TestInfo → pass/fail from pytest text. CmdExecute → ACT.
SpeakerNext/handoff → PLAN.

terminal (seminar) TERMINATE on final SeminarConclusion milestones.
Testing-phase prose During Testing/CodeReview phases, free-text pytest outcomes map to

VERIFY PASS/VERIFY FAIL even when embedded in traces otherwise classified
as infrastructure.

Post-completion noise After TERMINATE, trailing software info, cost:, and OpenAI usage sum-
maries are discarded from the mining window.

AG2 task spec REQUEST from YAML problem blocks or explicitly tagged task-spec segments.
turn code ACT on code execution turns.
terminal, final answer TERMINATE on final answer segments or \boxed{...} / Final Answer

markers.
Verifier / Critic turns VERIFY FAIL when challenge keywords or return-failure patterns appear in

verifier-class agents.
Env agent output Short numeric or status outputs from MathProxy/CodeExecutor agents map to

INFORM (via environment-success typing).
Phase / speaker change PLAN on markdown section headers or detected speaker transitions.

HyperAgent task spec (YAML) REQUEST once on the initial SWE-Bench-style instance specification.
Inner-agent structure Thought-action headers influence typing: ˆThought: → PLAN ˆAction: →

ACT.ˆObservation: → pass/fail from observation text.
Tool / code execution ACT on . run(), pip install, subprocess., shell/pytest invocations.
Observation failure VERIFY FAIL when observations match SWE failure patterns (tests failed,

linter error, AssertionError, exit code: [1-9]), excluding GitHub-
issue description text.

terminal TERMINATE on Final Answer: or \boxed{...} in the log tail.



Table 7: Framework-specific log signals mapped to action tokens (high-level representative rules).

Framework Layer-2 signal Action mapping and distinguishing rules

Dual layout Traces may follow an inner ReAct timeline, a ChatDev-style warehouse layout, or
a mixed format. The parser selects the appropriate adapter while preserving the
same action vocabulary output schema.

C Additional Result Tables and Figures
C.1 RQ2: Granularity and Stability
This part supplements Subsection 5.2 with rank-1 patterns across window lengths and bigram-transition overlap between n=3
and n=4.

Table 8: Rank-1 SBFL patterns by window length n

Framework n=2 n=3 n=4 n=5

MetaGPT ACT:VF (0.84) PLAN:ACT:VF (0.74) REQ:PLAN:ACT:VF (0.74) PLAN:REQ:PLAN:ACT:VF (0.74)
ChatDev ACT:TERM (0.72) INF:ACT:TERM (0.72) ACT:INF:ACT:TERM (0.70) INF:PLAN:ACT:INF:PLAN (0.80)
HyperAgent TERM:ACT (0.65) ACT:TERM:ACT (0.62) PLAN:ACT:TERM:ACT (0.62) PLAN:ACT:PLAN:ACT:TERM (0.64)
AG2 INF:PLAN (0.78) REQ:PLAN:ACT (0.73) REQ:PLAN:ACT:INF (0.65) REQ:PLAN:ACT:INF:TERM (0.62)
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Figure 4: Bigram-transition Jaccard between SBFL top-k unions at n=3 vs n=4.
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C.2 LLM-as-a-Judge Prompt: Failure-Window Localization (RQ4)
The full judge prompt below supports reproducibility of RQ4 semantic validation (Subsection 5.4). Rank-1 and random condi-
tions use the same template, only the window-context line differs.

You are an expert analyst of multi-agent LLM systems. You are given a
trace from a run that FAILED.

Token legend (action vocabulary):
- REQUEST: initial task specification
- PLAN: architectural decomposition, role routing, phase handoff, or
phase transition signaling a new coordination stage

- ACT: code generation, tests, or tool execution
- VERIFY_FAIL: reviewer critique, failed test, or validation rejection
- VERIFY_PASS: successful validation or test pass
- INFORM: status updates or discussion without repair
- ERROR: explicit error signal or exception
- TERMINATE: explicit completion signal

Localization under evaluation:
- Interaction pattern: <pattern tokens or RANDOM>
- Window: a fixed-length contiguous slice of the trace, highlighted
with <<< >>> below.

- <context line; see note below>

Task:
Decide whether this highlighted interaction caused the failure.

Initiating fault:
The initiating fault is the earliest point in the run where a concrete
mistake or harmful decision puts the execution on the path to failure
(but-for: without it, the run would not have failed in the way it did).
Use the full trace to locate it, then decide whether that fault falls
inside the highlighted window.

Verdict rubric (your answer is final):
- **caused**: the highlighted window contains the initiating fault that
started this failure.

- **not_caused**: the initiating fault is not in this window (it lies
earlier or outside the highlighted slice).

Rules:
- Use the full trace for context, but judge only the highlighted
<<< >>> window.

- If the same token sequence appears elsewhere in the trace, ignore
those occurrences.

- The window is a fixed-length slice, not a minimal span.

Justification style:
- Describe the highlighted window as a short action-token sequence using
types from the legend (e.g. PLAN:ACT:VERIFY_FAIL).

- Write at most 2-3 sentences: what interaction the window shows, and
whether it contains the initiating fault and why.

--- Trajectory excerpt ---
[omitted]

--- Chronological labeled events ---
(Highlighted window marked with <<< >>>.)
[omitted]

Respond with JSON ONLY, keys exactly:
{
"failure_summary": "one sentence: how this run failed overall",
"verdict": "<caused|not_caused>",
"justification": "2-3 sentences in action-type terms: what



interaction the window shows, and whether it contains the
initiating fault and why"

}

Context line variants. Rank-1 SBFL: “This window is the first occurrence of the top-ranked failure-associated pattern in this
trace.” Random control: “This window is a randomly selected fixed-length slice from the same failing trace.”

D Mathematical Definitions
D.1 SBFL Suspiciousness Formulas
For pattern g, let (ef , ep, nf , np) denote the contingency counts from Subsection 3.3. Primary ranking uses Ochiai (defined in
the main text). Four secondary SBFL heuristics are computed in parallel and combined through reciprocal rank fusion (RRF,
k=60) as an internal robustness check:

Tarantula(g) =
ef/(ef + nf )

ef/(ef + nf ) + ep/(ep + np)
(13)

D∗(g) =
ef (g)

2

ep(g) + nf (g)
(14)

JaccardSBFL(g) =
ef (g)

ef (g) + nf (g) + ep(g)
(15)

OP2(g) = ef (g)−
ep(g)

ep(g) + np(g) + 1
(16)

RRFformula(g) =
∑

m∈M

1

k + rm(g)
, M = {Ochiai, Tarantula, D∗, Jaccard, OP2} (17)

where rm(g) is the ordinal rank of g under formula m. Reported ranks use ROchiai. RRRF validates that top patterns are not
artifacts of a single formula.

D.2 Bigram-Transition Set Jaccard (RQ2)
Structural stability in Subsection 5.2 uses set overlap on bigram-transition unions, distinct from JaccardSBFL above. For frame-
work f and window lengths n and n′, let Tn be the set of bigram transitions induced by the union of SBFL top-10 n-grams at
length n:

J(Tn, Tn′) =
|Tn ∩ Tn′ |
|Tn ∪ Tn′ |

. (18)

Figure 2 reports J for adjacent pairs (n, n+1). Table ?? reports J between n=3 and n=4 top-k unions.

D.3 LLM-as-a-Judge Prompt: Tokenization Quality
The deterministic parser was judged independently of fault localization. deepseek-v4-pro (temperature 0) scores whether
each exported token sequence faithfully represents the raw log on a 1–5 rubric (≥ 4 = acceptable).
You are evaluating tokenization quality for the <MAS_NAME> multi-agent framework.
Given the raw trace excerpt and the chronological labeled events table, rate how well
the token sequence captures the trace’s interaction flow.

<OUTCOME NOTE: PASSING or FAILING in the dataset>
Outcome label does not affect the score; judge mapping quality only.

Token legend (v1_vocab; shared across frameworks):
- REQUEST: initial task specification
- PLAN: role routing / phase handoff
- ACT: code generation, tests, or tool execution
- VERIFY_FAIL: reviewer critique, failed test, or validation rejection
- VERIFY_PASS: successful validation or test pass
- INFORM: status updates or discussion without repair
- ERROR: explicit error signal or exception
- TERMINATE: explicit completion signal

Token sequence (in order):
<REQUEST :: PLAN :: ...>



--- Raw trajectory excerpt ---
<trajectory text>

--- Chronological labeled events (index, token, source text preview) ---
<events table>

Scoring rubric (overall_score, integer 1-5):
- 5: Faithful mapping; token order and semantics match the trace.
- 4: Accurate overall; minor borderline labels (e.g. INFORM vs VERIFY_FAIL).
- 3: Rough structure preserved but several clear mismatches.
- 2: Systematic mislabeling or major gaps.
- 1: Token sequence does not reflect the trace.
Most acceptable tokenizations should score 4 or 5. Reserve 3 and below for clear problems.
Judge semantic fit, not segmentation granularity. Do not penalize correctly dropped
infra/log noise.

Respond with JSON ONLY matching this shape (keys exactly):
{
"overall_score": "integer 1-5",
"acceptable": "true if overall_score >= 4 else false",
"summary": "one sentence: how well the tokenization maps the trace",
"strengths": ["brief bullet points"],
"issues": ["brief bullet points; empty list if none"],
"worst_mismatch_index": "null or integer event index with the clearest mismatch"

}

Summary: Model: deepseek-v4-pro, temperature 0. 260 traces judged (MetaGPT n=230, HyperAgent n=30). MetaGPT:
mean score 4.11, 98.7% acceptable (≥ 4); HyperAgent: mean 3.87, 86.7% acceptable; overall 94.6% acceptable (246/260).
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