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Abstract

Despite enthusiasm for Multi-Agent LLM Systems (MAS), their performance
gains on popular benchmarks are often minimal. This gap highlights a critical
need for a principled understanding of why MAS fail. Addressing this question
requires systematic identification and analysis of failure patterns. We introduce
MAST-Data, a comprehensive dataset of 1600+ annotated traces collected across
7 popular MAS frameworks. MAST-Data is the first multi-agent system dataset
to outline the failure dynamics in MAS for guiding the development of better
future systems. To enable systematic classification of failures for MAST-Data,
we build the first Multi-Agent System Failure Taxonomy (MAST). We develop
MAST through rigorous analysis of 150 traces, guided closely by expert human
annotators and validated by high inter-annotator agreement (x = 0.88). This
process identifies 14 unique modes, clustered into 3 categories: (i) system design
issues, (ii) inter-agent misalignment, and (iii) task verification. To enable scalable
annotation, we develop an LLM-as-a-Judge pipeline with high agreement with
human annotations. We leverage MAST and MAST-Data to analyze failure patterns
across models (GPT4, Claude 3, Qwen2.5, CodeLlama) and tasks (coding, math,
general agent), demonstrating opportunities for improvement through better MAS
design. Our analysis provides insights revealing that identified failures require
more sophisticated solutions, highlighting a clear roadmap for future research. We
publicly release our comprehensive dataset (MAST-Data), the MAST, and our LLM
annotator to facilitate widespread research and development in MASEE]

“Happy families are all alike; each unhappy family is unhappy in its own way.” (Tolstoy [1])
“Successful systems all work alike; each failing system has its own problems.” (Berkeley’25)

1 Introduction

Recently, Large Language Model (LLM) based agentic systems have gained significant attention
in the Al community [2:4]. Building on this characteristic, multi-agent systems are increasingly
explored in various domains, such as software engineering, drug discoveries, scientific simulations,
and general-purpose agents [5+11]. In this study, we define an LLM-based agent as an artificial
entity with prompt specifications (initial state), conversation trace (state), and ability to interact with
the environments such as tool usage (action). A multi-agent system (MAS) is then defined as a
collection of agents designed to interact through orchestration, enabling collective intelligence. MAS
are structured to coordinate efforts, enabling task decomposition, performance parallelization, context
isolation, specialized model ensembling, and diverse reasoning discussions [12H17].

Despite the increasing adoption of MAS, their performance gains often remain minimal compared
to single-agent frameworks [18]] or simple baselines like best-of-N sampling [19]. Our empirical
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Inter-Agent Conversation Stages

Pre Execution Execution Post Execution
Failure Categories Failure Modes
[ 1.1 Disobey Task Specification } (11.8%)
[ 1.2 Disobey Role Specification ] (1.50%)
System Design ™
Is‘;ues 9 [ 1.3 Step Repetition ] (15.7%) 44.2%
(1.4 Loss of Conversation History ) (2.80%)
[ 1.5 Unaware of Termination Conditions (12.4%) }
[ 2.1 Conversation Reset } (2.20%)
[ 2.2 Fail to Ask for Clarification } (6.80%)
Inter-Agent [ 2.3 Task Derailment ] (7.40%) 32.3%
Misalignment (2.4 Information Withholding ] (0.80%)
[ 2.5 Ignored Other Agent's Input ] (1.90%)
[ 2.6 Reasoning-Action Mismatch ] (13.2%)
(6.20%) [ 3.1 Premature Termination ]
Task Verification (8:20%) [ 3.2 No or Incomplete Verification ] 23.5%
(9.10%) [ 3.3 Incorrect Verification )

Figure 1: MAST: A Taxonomy of MAS Failure Modes. The inter-agent conversation stages indicate
when a failure typically occurs within the end-to-end MAS execution pipeline. A failure mode
spanning multiple stages signifies that the underlying issue can manifest or have implications across
these different phases of operation. The percentages shown represent the prevalence of each failure
mode and category as observed in our analysis of 1642 MAS execution traces. Detailed definitions
for each failure mode and illustrative examples are available in Appendix

analysis reveals 41% to 86.7% failure rate on 7 state-of-the-art (SOTA) open-source MAS detailed in
Figure(Appendix. Furthermore, there is no clear consensus on how to build robust and reliable
MAS. This motivates the fundamental question we address: Why do MAS fail?

To address this question and systematically understand MAS failures, we introduce MAST-Data, a
comprehensive, high-quality collection of 1642 annotated execution traces. We define failures as
instances where the MAS does not achieve its intended task objectives. As shown in Tablem we
collect traces from 7 popular MAS frameworks run with two main model families (GPT-4 series and
Claude series), covering tasks such as coding, math problem-solving, and general agent functionalities.
Alongside MAST-Data, we also release MAST-Data-human, a smaller dataset featuring 21 traces
annotated by three human experts each during our inter-annotator agreement studies. We create
MAST-Data to outline failure dynamics in MAS and to guide the development of better future systems.

Systematically annotating failures in diverse MAS for a large-scale dataset like MAST-Data presents
challenges unique to MAS: the difficulty in verifying ground truth for root cause detection and the
absence of standardized failure definitions. To mitigate these challenges in creating MAST-Data,
we first develop the Multi-Agent System Failure Taxonomy (MAST), illustrated in FigureE} We
build MAST using Grounded Theory [20] from a close analysis of over 150 MAS execution traces
(each averaging over 15,000 lines of text). This analysis spans a subset of five open-source MAS
frameworks and involves six expert human annotators. To ensure generalizable definitions in MAST
for labeling MAST-Data, three annotators independently and iteratively labeled a total of 15 traces
until achieving high inter-annotator agreement (x = 0.88). This comprehensive analysis results in
14 distinct failure modes, clustered into 3 categories. While MAST serves as a foundational first step
towards unifying the understanding of MAS failures, we do not claim it covers every potential failure
pattern. To enable scalable annotation for the full MAST-Data, we then develop an LLM-as-a-judge
pipeline (which we term the LLM annotator) [21] using OpenAI’s ol model. We calibrate the LLM
annotator to achieve high agreement with human expert annotations (x = 0.77), and additionally
validated applicability on two additional unseen MAS and benchmarks (x = 0.79).

To demonstrate MAST’s practical usage, our case studies (Appendix highlight its role in guiding
MAS development, and in Sectionwe describe how to use the MAST easily as a python library using
pip install agentdash. For example, the CPO agent in ChatDev can exhibit ‘Failure Mode 1.2 -
Disobey Role Specification’ by terminating conversation without the CEO agent’s consensus. We



demonstrate that a straightforward system workflow adjustment ensuring the CEO had the final say
contributed to a +9.4% increase in overall task success rate. While such MAST-guided interventions
demonstrate improvements, achieving robust MAS reliability often requires more than isolated fixes,
pointing towards the need for more complex solutions and fundamental MAS redesigns.

Table 1: MAST-Data configuration details. HE: Human Evaluated (Task completions rates are
checked by humans), HA: Human Annotated (Failure modes are annotated by humans), LA: LLM
Annotated (Failure modes are annotated by LLM-as-a-Judge).

MAS Benchmark LLM Annotation Trace #
ChatDev ProgramDev GPT-40 HE, HA, LA 30
MetaGPT ProgramDev GPT-40 HE, HA, LA 30
HyperAgent SWE-Bench Lite  Claude-3.7-Sonnet HE, HA, LA 30
AppWorld Test-C GPT-40 HE, HA, LA 30
AG2 (MathChat)  GSM-Plus GPT-4 HE, HA, LA 30
Magentic-One GAIA GPT-40 HE, HA, LA 30
OpenManus ProgramDev GPT-40 HE, HA, LA 30
ChatDev ProgramDev-v2 GPT-40 LA 100
MetaGPT ProgramDev-v2 GPT-40 LA 100
MetaGPT ProgramDev-v2 Claude-3.7-Sonnet LA 100
ChatDev ProgramDev-v2 Qwen2.5-Coder-32B-Instruct LA 100
MetaGPT ProgramDev-v2 Qwen2.5-Coder-32B-Instruct LA 100
ChatDev ProgramDev-v2 CodeLlama-7b-Instruct-hf LA 100
MetaGPT ProgramDev-v2 CodeLlama-7b-Instruct-hf LA 100
AG2 (MathChat)  OlympiadBench GPT-40 HE, LA 206
AG2 (MathChat) GSMPlus Claude-3.7-Sonnet HE, LA 193
AG2 (MathChat) MMLU GPT-40-mini HE, LA 168
Magentic-One GAIA GPT-40 HE, LA 165

These findings suggest MAST reflects fundamental design challenges inherent in current MAS, not
just artifacts of specific MAS implementation. By systematically defining failures, MAST serves as
a framework to guide failure diagnosis and opens concrete research problems for the community.
We have released our traces and annotations and open-sourced the LLM annotator pipeline to foster
research in the design of more robust and reliable MAS.

The contributions of this paper are as follows:

* We introduce and open-source MAST-Data, the first large-scale MAS failure dataset with consistent
annotations from 7 MAS and four model families. And MAST-Data-human, a detailed inter-
annotator study results with human labels. Together serve to facilitate research into MAS failures.

* We introduce MAST, the first empirically grounded taxonomy of MAS failures, providing a
structured framework for defining, understanding and annotating failures.

* We develop a scalable LLM-as-a-judge annotation pipeline integrated with MAST for efficiently
annotating MAST-Data and enabling analysis of MAS performance, diagnosis of failure modes,
and understanding of failure breakdowns.

* We demonstrate through case studies that failures identified by MAST often stem from system design
issues, not just LLM limitations or simple prompt following, and require more than superficial
fixes, thereby highlighting the need for structural MAS redesigns.



2 Related Work

2.1 Challenges in Agentic Systems

The promising capabilities of agentic systems have inspired research into solving specific challenges.
For instance, Agent Workflow Memory [22] addresses long-horizon web navigation by introducing
workflow memory. DSPy [23] tackles issues in programming agentic flows, while StateFlow [24]
focuses on state control within agentic workflows to improve task-solving capabilities. Several surveys
also highlight challenges and potential risks specifically within MAS [25!/26]. While these works
meaningfully contribute towards understanding specific issues or providing high-level overviews, they
do not offer a fine-grained, empirically grounded taxonomy of why MAS fail across diverse systems
and tasks. Numerous benchmarks also exist to evaluate agentic systems [27H32]]. These evaluations
are crucial but primarily facilitate a top-down perspective, focusing on aggregate performance or
high-level objectives like trustworthiness and security [33/|34]. Our work complements these efforts
by providing a bottom-up analysis focused on identifying specific failure modes in MAS.

2.2 Design Principles for Agentic Systems

Several works highlight challenges in building robust agentic systems and suggest design principles,
often focused on single-agent settings. For instance, Anthropic’s blog post emphasizes modular
components and avoiding overly complex frameworks [35]. Similarly, Kapoor et al. [19] demonstrates
how complexity can hinder practical adoption. Our work extends these insights to the multi-agent
context. By systematically collecting and analyzing a large corpus of MAS failure instances within
MAST-Data, and by developing MAST, we provide not only a structured understanding of why MAS
fail but also empirical data from MAST-Data to support the development and validation of more
robust design principles for MAS. This aligns with the call for clearer specifications and design
principles [36].

2.3 Related Datasets and Taxonomy

Despite the growing interest in LLM agents, dedicated research systematically characterizing their
failure modes remains limited, particularly for MAS. While Bansal et al. [37] catalogs challenges in
human-agent interaction, our contribution focuses specifically on failures within autonomous MAS
execution. Other related work includes taxonomies for evaluating multi-turn LLM conversations
[38] or specific capabilities like code generation [39]. These differ significantly from our goal of
developing a generalizable failure taxonomy for multi-agent interactions and coordination.

Further related efforts aim to improve MAS through different approaches. AgentEval [40] proposes a
framework using LLM agents to define and quantify multi-dimensional evaluation criteria reflecting
task utility for end-users. AGDebugger [41] introduces an interactive tool enabling developers to
debug and steer agent teams by inspecting and editing message histories. And currentwork by Zhang
et al. [42] present the Who&When dataset and MAS debugger, which focuses on summarizing
failures for specific task items by attributing them to particular agents and error steps.

Thus, MAST-Data and MAST represent, to our knowledge, the first empirically derived, comprehensive
dataset and taxonomy focused specifically on MAS failures focus on failure patterns. Identifying
these patterns highlights the need for continued research into robust evaluation metrics and mitigation
strategies tailored for the unique challenges of MAS.

3 The Multi-Agent Systems Dataset

To facilitate a principled understanding of why MAS fail and to guide the development of more reliable
future systems, we introduce MAST-Data, the Multi-Agent System Failure Dataset. MAST-Data is a
comprehensive, empirically grounded dataset comprising 1642 annotated execution traces collected
from 7 popular MAS frameworks, covering domains of coding, math, and generic tasks.

Constructing such a dataset, however, presents distinct challenges. First, unlike in traditional software
where failures often have clearly identifiable root causes, failures in MAS are frequently complex.
They involve convoluted agent interactions and the compounding effects of individual model behaviors
and overall system design. Therefore, pinpointing the precise nature and origin of a failure in MAS
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Figure 2: Methodological workflow for constructing the MAST-Data dataset, involving the empirical
identification of failure modes, the development of MAST, iterative refinement through inter-annotator
agreement studies (x = 0.88), and the creation of a scalable LLM annotation pipeline. This figure
highlights our systematic approach to creating a comprehensive dataset for studying MAS failures.

requires more than simple error detection; it necessitates understanding the system’s dynamics.
Second, the lack of a standardized failure framework with clear definitions makes identifying and
classifying MAS failures across different systems inconsistent, which complicates annotation and
cross-system analysis.

To address these challenges, we develop a rigorous, principled methodology to construct MAST-Data.
In this section, we detail our approach, which centers on building the first empirical MAS failure
taxonomy, MAST, and a scalable annotation pipeline for systematic and comprehensive data collection.
Figuresummarizes our methodological workflow.

3.1 Data Collection with Grounded Theory Analysis

To uncover a comprehensive set of failure patterns that are both diverse and generalizable to standard-
ize failure labels which we detail further in Section[3.2] we first collect 150 traces from five MAS
frameworks, which are closely examined by six human experts. Our goal at this stage is to identify as
many distinct failure modes as possible, ensuring these observed patterns are not merely artifacts of a
single system but can likely apply more broadly. To achieve this without predefined hypotheses, we
adopt the Grounded Theory (GT) approach [20]]. This qualitative research method allows failure
modes to emerge organically from empirical data.

For this initial data collection, we use theoretical sampling [43] to ensure robust coverage across
different system objectives and interaction patterns. This method guides our selection of the five
MAS frameworks (HyperAgent, AppWorld, AG2, ChatDev, and MetaGPT) and two task categories
(programming and math problem-solving). We then iteratively analyze these traces using core GT
techniques: open coding [44] to label trace data with observed failure behaviors; constant comparative
analysis to refine our understanding of these failure behaviors and their recurrence across systems;
memoing to document insights; and theorizing to structure these findings into an initial set of failure
modes with their definitions. This iterative analysis continues until we reach theoretical saturation,
where further data analysis does not yield new failure mode insights. This initial process requires
significant human effort, over 20 hours of annotation per expert for these 150 traces.

3.2 Standardizing Failure Labels via Inter-Annotator Agreement

To make the failure observations from our GT analysis useful for creating consistent labels in
MAST-Data, we recognize the critical need for standardized definitions that apply uniformly across
different MAS. To address this, we develop the failure taxonomy - MAST. MAST serves as a foundational
first step towards a common understanding of MAS failures by providing clear, empirically grounded
failure observation labels. We provide a detailed description and analysis of MAST in Section

To develop a taxonomy that is unambiguous and consistently applicable by different annotators, we
rigorously validate and refine MAST definitions through Inter-Annotator Agreement (IAA) studies.
This iterative process begins with a preliminary version of MAST derived from our GT findings. In
each round of TAA, three expert annotators independently label a subset of five randomly selected
traces from our initial 150+ trace collection using MAST. We then facilitate discussions to collectively
resolve any disagreements. Based on these discussions, we iteratively refine MAST by adjusting
failure mode definitions, adding new modes, or removing and merging existing ones until we achieve



6<code to display docs for phone app>

Login with username a@mail.com and
6 password XvV@Hof.Then.. “name": "username", "description”:

- "Your account phone_number", 6
The provided login credentials are
incorrect. Could you please provide apis.phone.login(username="a@mail.com",

the correct username and password for Q password="XvV@Hof")

the phone app?
@ Phone Agent Python Output

{"message" :"Invalid credentials” )6

Figure 3: Visualization of a trace segment in MAST-Data. This illustrates an agent-to-agent conversa-
tion exhibiting Failure Mode 2.4: Information Withholding. The Phone Agent fails to communicate
API requirements (username format) to the Supervisor Agent, who also fails to seek clarification,
leading to repeated failed logins and task failure.

high consensus. We conduct three such rounds of IAA, requiring about 10 hours in total solely
for resolving disagreements, not including the annotation time itself. We measure agreement using
Cohen’s Kappa score, achieving a strong average of x = 0.88 in the final rounds. This high IAA
score signifies that MAST provides a clear and shared understanding of failure modes, crucial for the
consistent annotation of MAST-Data. Figureillustrates an example of a trace snippet with a MAST
label.

3.3 Enabling Scalable Annotation: The LLM-as-a-Judge Pipeline

Manually annotating over 1600 MAS traces with fine-grained failure modes is time-consuming
and costly. To enable scalable and automated failure annotation for MAST-Data, we develop an
LLM-as-a-Judge pipeline (LLM annotator), building upon our validated MAST. This pipeline prompts
an LLM (OpenATI’s ol model) with an execution trace, the MAST definitions, and few-shot examples
from our human-annotated data (details in Appendix to classify observed failure modes. We
validate the LLM annotator’s reliability against expert human annotations on a held-out set from
our IAA studies. The LLM annotator achieves high agreement with human experts (accuracy 94 %,
Cohen’s Kappa of 0.77; Table , confirming its suitability for scaling the annotation process while
adhering to MAST definitions.

Table 2: Performance of LLM-as-a-judge pipeline

Model Accuracy Recall Precision F1  Cohen’s x

ol 0.89 0.62  0.68 0.64 0.58
ol (few shot) 0.94 0.77  0.833 0.80 0.77

3.4 Constructing the Multi-Agent Dataset

Before large-scale data collection for MAST-Data, we confirm the generalizability of our finalized
MAST and the LLM annotator. We evaluate their performance on two new MAS (OpenManus and
Magentic-One) with two new benchmarks (MMLU and GAIA, the latter representing a new general-
agent task domain for validation) not part of the initial MAST development. An additional human
IAA round on these out-of-domain traces using the finalized MAST yields a strong Cohen’s Kappa
score of 0.79. This demonstrates MAST’s effectiveness in capturing failures in diverse systems and
tasks without further modification, supporting the robustness of our annotation approach for broader
application. We further detail the uniqueness of MAST failure modes via a correlation study in
Appendix|[E]

Leveraging our validated MAST and LLM annotator, we expand data collection to construct
MAST-Data, comprising 1642 annotated traces from seven popular MAS frameworks (Table .
These frameworks include the five from our initial studies, the two from the generalization vali-
dation, and Manus [45] as detailed in Appendix [B} These traces cover diverse tasks like coding,
math problem-solving, and general agent functionalities. For MAST-Data, our LLM annotator
identifies MAST failure modes in each trace and provides a corresponding reason. We also release
MAST-Data-human, consisting of all traces annotated by human experts during our IAA studies,
where each annotation specifies MAST failure modes with textual justifications. We open-source



MAST-Data and MAST-Data-human as resources to analyze MAS failure dynamics and guide robust
system design.

4 The Multi-Agent System Failure Taxonomy

This section details MAST, a key result of our study and a critical component that guides the creation
and analysis of MAST-Data. MAST provides the first empirically grounded, structured framework for
defining, understanding, and annotating common failures in MAS. Here, we present its structure, the
failure categories it defines, and key insights derived from its development and application.

MAST, illustrated in Figure identifies 14 fine-grained failure modes, which we map to MAS
execution stages (Pre-Execution, Execution, and Post-Execution) where their root causes commonly
emerge. These modes are organized into 3 overarching categories reflecting the fundamental nature
of the observed failures. While we recognize that prior works have noted some individual failure
types and we do not claim MAST is exhaustive, it offers precise definitions for a structured approach
to understanding why MAS fail. Detailed definitions for each failure mode (FM) are available in
Appendix[A] with specific examples in Appendix[N]

We acknowledge that some MAS failures can stem from fundamental limitations of current LLMs,
such as hallucination or instruction following. However, in developing MAST, we focus on identifying
failure patterns where improvements in system design, agent coordination, and verification can offer
room to improve the reliability of MAS, often independently of or complementary to advancements in
the base models themselves. We now discuss each failure category (FC) in MAST and its implications.

FC1. System Design Issues. Failures originate from system design decisions, and poor or
ambiguous prompt specifications.

Q. Insight 1. MAS failure is not merely a function of challenges in the underlying model; a
well-designed MAS can result in performance gain when using the same underlying model.

Failures in FC1 occur during execution but often reflect flaws in pre-execution design choices
regarding system architecture, prompt instructions, or state management. These include failing to
follow task requirements (FM-1.1, 11.8%) or agent roles (FM-1.2, 1.5%), step repetitions (FM-1.3,
15.7%), context loss (FM-1.4, 2.80%), or not recognizing task completion (FM-1.5, 12.4%). While
FM-1.1 and FM-1.2, disobey specifications, may seem like general instruction-following limitation,
we identify deeper causes: (1) flaws in MAS design regarding agent roles and workflow, (2) poor
user prompt specifications, or (3) limitations of the underlying LLM. We posit that a well-designed
MAS should interpret high-level objectives with minimal but clear user input to mitigate the impact
of points (2) and (3).

For instance, when ChatDeyv is tasked to create a Wordle game with the prompt a standard
wordle game by providing a daily 5-letter...,the generated program uses a fixed word
dictionary. Even with a more explicit prompt like ...without having a fized word bank,
and randomly select a new 5-letter word each day, ChatDeyv still produces code with
a fixed list and new errors. This suggests failures stem from the MAS’s design for interpreting
specifications. Our intervention studies (Appendix show that improving agent role specifications
alone yields a +9.4% success rate increase for ChatDev with the same user prompt and LLM (GPT-40).

FC2. Inter-Agent Misalignment. Failures arise from a breakdown in critical information flow
from inter-agent interaction and coordination during execution.

Q. Insight 2. Solutions focused on context or communication protocols are often insufficient for
FC2 failures, which demand deeper ‘social reasoning’ abilities from agents.

FC2 covers failures in agent coordination. These include unexpected conversation resets (FM-2.1,
2.20%), proceeding with wrong assumptions instead of seeking clarification (FM-2.2, 6.80%), task
derailment (FM-2.3, 7.40%), withholding crucial information (FM-2.4, 0.85%), ignoring other agents’
input (FM-2.5, 1.90%), or mismatches between reasoning and action (FM-2.6, 13.2%). Figure
illustrates information withholding (FM-2.4). Diagnosing FC2 failures can be complex, as similar
surface behaviors (e.g., missing information) can stem from different root causes like withholding
(FM-2.4), ignoring input (FM-2.5), or context mismanagement (FM-1.4), underscoring the need for
MAST’s fine-grained modes.



Recent system innovations, such as Model Context Protocol [46] and Agent to Agent [47], improve
agent communication by standardizing message formats from different tool or agent providers. How-
ever, the errors we observe in FC2 occur even when agents within the same framework communicate
using natural language. This signals a deeper agent interaction dynamic challenge: the collapse
of ’theory of mind’ [48], where agents fail to accurately model other agents’ informational needs.
Addressing this likely requires structural improvements to the content of agent messages or enhancing
models’ contextual reasoning and their capacity to infer other agents’ informational needs, such as
through targeted training, as base LLMs are generally not pre-trained for such nuanced inter-agent
dynamics. Thus, robust solutions will likely involve a combination of improved MAS architecture
and model-level advancements in communicative intelligence.

FC3. Task Verification. Failures involve inadequate verification processes that fail to detect or
correct errors, or premature termination of tasks.

Q. Insight 3. Multi-Level Verification is Needed. Current verifier implementations are often
insufficient; sole reliance on final-stage, low-level checks is inadequate.

FC3 failures are related to the quality control of the final output, including premature termination
(FM-3.1, 6.20%), no or incomplete verification (FM-3.2, 8.20%), or incorrect verification (FM-3.3,
9.10%). These highlight challenges in ensuring output correctness and reliability. Systems with
explicit verifiers like MetaGPT and ChatDev generally show fewer total failures (Figure , indicating
explicit checks help. However, the presence of a verifier is not a silver bullet, as overall MAS success
rates can still be low. For example (FM-3.2), a ChatDev-generated chess program passes superficial
checks (e.g., code compilation) but contains runtime bugs because it fails to validate against actual
game rules, rendering the output unusable despite review phases.

During our GT analysis of MAS traces, we find that many existing verifiers perform only superficial
checks, despite being prompted to perform thorough verification, such as checking if the code
compiles or if there are leftover TODO comments. We posit that MAS development should take
lessons from traditional software development where programmers test their code before committing.
More rigorous verification is needed, such as using external knowledge, collecting testing output
throughout generation, and multi-level checks for both low-level correctness and high-level objectives.
We demonstrate this in an intervention study where adding a high-level task objective verification step
to ChatDev yields a +15.6% improvement in task success on ProgramDeyv (details in Appendix.

5 Towards better Multi-Agent LLM Systems

System Design Issues (41.8%) Inter-Agent Misalignment (36.9%) Task Verification (21.3%)
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Figure 4: Distribution of failure in MAST-Data with MAST labels on total 210 traces. This plot
visualizes the failure distributions of the first 30 traces for each system. As the specific tasks and
benchmarks may differ across the MAS configurations shown, these results are intended to illustrate
system-specific failure profiles rather than to serve as a performance comparison across MAS.

We now discuss the broader implications and usage of MAST-Data and MAST. MAST-Data, with its
annotations grounded in MAST, provides crucial empirical evidence, while MAST offers a foundational
framework and practical tool for understanding, debugging, and ultimately improving MAS. By



concretely defining failure modes and providing a large-scale dataset of their occurrences, our work
outlines the challenges in building reliable MAS and opens targeted research problems for the
community.

5.1 Failure Breakdown in MAST-Data

Our analysis of MAST-Data reveals that failure distributions differ markedly across various MAS,
often reflecting their unique architectural characteristics and design philosophies. For example, as
illustrated in Figure we observe specific patterns: AppWorld frequently suffers from premature
terminations (FM-3.1), potentially due to its star topology and lack of a predefined workflow making
termination conditions less obvious; OpenManus exhibits a tendency towards step repetition (FM-
1.3); and HyperAgent could benefit from addressing its dominant failure modes of step repetition
(FM-1.3) and incorrect verification (FM-3.3). These system-specific profiles underscore that there is
no one-size-fits-all solution to MAS failures.

We also use MAST-Data to study the impact of different underlying language models and MAS
designs on failure patterns. For instance, when comparing GPT-40 and Claude 3.7 Sonnet within the
MetaGPT framework on programming tasks, we find that while GPT-40 generally performs better
than Claude, it shows significantly fewer FC1 (System Design Issues) failures by 39%. We also
examine the impact of different MAS designs on the same benchmark, such as comparing MetaGPT
and ChatDev on ProgramDev. Here, while MetaGPT generally outperforms ChatDev by having
60-68% less failure in FC1 and FC2, it has 1.56x more FC3 failure than ChatDev. These comparative
analyses, detailed further in Appendix provide insights into how model choice and architectural
patterns influence system performance and distribution of failures.

5.2 MAST as a Practical Development Tool

Developing robust MAS is challenging: aggregate success rates can obscure the specific impacts
of optimizations. MAST addresses this by providing a structured vocabulary for systematic failure
breakdown. Using our LLM annotator with MAST, developers can obtain quantitative analyses
of failure profiles for specific systems. We demonstrate MAST’s practical usage in guiding MAS
improvement in our case studies (Appendix. The Failure Mode breakdown analysis (Appendix
shows which failure modes were mitigated and reveals any resulting trade-offs. This granular view,
moving beyond aggregate metrics, is crucial for understanding why an intervention works and for
iterating effectively towards more robust systems.

5.3 Beyond Model Capabilities: The Primacy of System Design

While one could simply attribute failures in MAST-Data to limitations of present-day LLM (e.g.,
hallucinations, misalignment), we conjecture that improvements in the base model capabilities will be
insufficient to address the full MAST. Instead, we argue that good MAS design requires organizational
understanding — even organizations of sophisticated individuals can fail catastrophically [49] if the
organization structure is flawed. Previous research in high-reliability organizations has shown that
well-defined design principles can prevent such failures [SOL|51].

Consistent with organization theories, our findings indicate that many MAS failures arise from the
challenges in organizational design and agent coordination rather than the limitations of individ-
ual agents. In our intervention case studies (Appendix , we apply MAS system workflow and
prompt changes respectively (results in Table. With the same underlying model, we achieve max
improvements of 15.6%. This highlights that MAS failures can be address with better system designs.

Although first step interventions lead to performance gains, not all failure modes are resolved, and
task completion rates still remain low, indicating that more substantial improvements are needed.
Achieving high reliability may requires combinatorial changes ranging from agent system organization
to model level improvements (see Table. MAST, by providing a clear framework of failure points
identified from MAST-Data, helps identify where these structural weaknesses lie and can guide the
design and evaluation of more sophisticated MAS architectures.



6 Conclusion

In this study, we conduct the first systematic investigation into why MAS fail. This investigation
results in the MAST-Data: a comprehensive public resource of over 1600 annotated execution traces
from 7 popular MAS frameworks, which we create to outline MAS failure dynamics and guide future
system development. To enable MAST-Data’s systematic annotation and analysis, we first develop
the Multi-Agent System Failure Taxonomy (MAST). We build MAST through a rigorous Grounded
Theory-based analysis of an initial 150 traces, validating its definitions with strong inter-annotator
agreement and identifying 14 distinct failure modes across 3 categories. For scalable annotation of
MAST-Data using MAST, we then develop an LLM annotator, confirming its high agreement with
human experts. Together, MAST-Data and MAST provide a foundational framework and empirical
grounding for future MAS research.

We are excited about the potential of MAS, but their widespread adoption hinges on achieving greater
reliability. Our work, through the public release of MAST-Data, MAST, and the LLM annotator,
contributes towards this goal. MAST-Data offers a rich empirical basis for understanding current
failure dynamics, while MAST provides a standardized language and framework to diagnose and
mitigate these failures. By systematically identifying and categorizing challenges, we aim to open
up concrete research directions and equip the community to develop more robust and effective
multi-agent systems.
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