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Abstract

Effective collaboration in multi-agent systems
requires mechanisms for coordination and
adaptability in dynamic and uncertain environ-
ments. However, existing multi-agent systems
rarely model resilience explicitly, instead re-
lying on ad-hoc output correction that limits
systematic, runtime management of robustness.
In this work, we propose Multi-Agent Mesh
(MA-Mesh), a framework that constructs a role-
based self-healing layer on top of a collabora-
tion pattern. Specifically, MA-Mesh generates
resilience-aware system specifications and syn-
thesizes them into executable multi-agent pol-
icy code. To enhance resilience, we introduce
two self-healing mechanisms: Cross-agent re-
flection, a mechanism that allows agents to eval-
uate not only their own outcomes but also the
performance of their peers, enabling informed
behavioral adjustments and collective policy re-
finement; Role-based failover, a strategy which
dynamically reassigns roles and enables agents
to substitute for one another when sub-tasks fail
or agents underperform, ensuring continuity of
task execution. Experimental results across di-
verse tasks (e.g., software development, tool
use, scientific reasoning) demonstrate that MA-
Mesh significantly outperforms existing multi-
agent systems in both task performance and
robustness under system uncertainty.

1 Introduction

Building on the success of single LLMs for individ-
ual tasks (Rozière et al., 2023; Zhang et al., 2024;
Ahn et al., 2023), compound agentic systems com-
posed of multiple LLM-based agents have emerged
as a promising approach to scale these capabilities
toward more complex, long-horizon tasks that de-
mand collaboration and coordination (Wu et al.,
2024). Early multi-agent systems were developed
in a domain-specialized manner (Du et al., 2024;
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Hong et al., 2024), with each system hand-crafted
for a specific application. In parallel, a line of work
has explored automating multi-agent orchestration,
either by leveraging the parametric knowledge of
LLMs (Chen et al., 2024b,a) or by learning to
configure the coordination structures (Zhang et al.,
2025a). However, these multi-agent systems are
typically designed under nominal system condi-
tions, which limits their resilience to partial system
failures and internal execution uncertainty.

To address this, we draw inspiration from the
cloud service mesh (Li et al., 2019) to automate
the construction of resilient multi-agent systems
that can be instantiated dynamically on top of a
collaboration pattern. Specifically, we explicitly de-
couple the collaboration logic, which governs task
execution, from the resilience policy, which mate-
rializes a role-based self-healing layer. The self-
healing layer operates through two mechanisms: (i)
cross-agent reflection, which evaluates an agent’s
own outcomes or those of its peers against its role-
specific requirements to detect performance degra-
dation; (ii) role-based failover, which continuously
monitors agent execution and substitutes an af-
fected agent with a suitable alternative when reflec-
tion signals performance degradation or a response
timeout occurs. Such a design directly parallels a
service mesh, where sidecar proxies transparently
provide a resilience layer to microservices.

To this end, we present the Multi-Agent Mesh
(MA-Mesh) framework, which overlays a role-
based self-healing layer on top of a collaboration
pattern, yielding a resilient multi-agent system.
Given a task, an LLM orchestrator generates a
resilience-aware system specification in a struc-
tured format. The specification comprises collabo-
ration logic, which is either a user-supplied or an
orchestrator-generated workflow, and a cross-agent
reflection mechanism, which specifies the peers to
evaluate and the role-specific criteria for assess-
ing their execution outcomes. The orchestrator
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then synthesizes the executable code by instantiat-
ing pre-defined agent and resilient proxy classes
from this specification. A resilient proxy is at-
tached to each agent; collectively, these proxies re-
alize the self-healing layer. The role-based failover
mechanism is built into the resilient proxy class,
which monitors agent execution and triggers re-
covery upon performance degradation (detected by
cross-agent reflection) or response timeout. Once
triggered, a dedicated meta-agent replaces the af-
fected agent and reassigns its role, ensuring execu-
tion continuity without global re-orchestration.

In this way, the resulting resilient multi-agent
system is constructed analogously to a service mesh
architecture, comprising a control plane and a data
plane. The resilience-aware system specification,
together with the meta-agent responsible for run-
time recovery upon agent failures, constitutes the
control plane; the agent instances and their attached
sidecar-like resilient proxies form the data plane.

Through evaluations on software development
for GUI and web applications (Liu et al., 2025; Hu
et al., 2025b), tool-use tasks (Mialon et al., 2024),
and scientific reasoning (Rein et al., 2023), we
demonstrate that MA-Mesh substantially improves
the resilience of multi-agent systems. We evaluate
under four system uncertainty scenarios (Netflix,
2012) that model partial and behavioral uncertainty:
agent chaos, prompt chaos, I/O chaos, and com-
pound chaos. Across these settings, MA-Mesh
consistently outperforms the strongest baseline
C+I (Huang et al., 2025), with an average accuracy
gain of 32.51 percentage points (pp). We further
evaluate detection recall (DR), the fraction of af-
fected agents correctly identified by resilient prox-
ies, and observe an average improvement of 0.36
in DR over C+I. Moreover, to validate MA-Mesh’s
adaptability to arbitrary collaboration patterns, we
overlay it on top of MetaGPT (Hong et al., 2024)
and RTADev (Liu et al., 2025), observing an aver-
age accuracy gain of 43.74 pp and 29.42 pp, respec-
tively (see Table 5). Lastly, we validate MA-Mesh
on AIOpsLab (Chen et al., 2025), a cloud-native
testbed, demonstrating its practical applicability be-
yond synthetic chaos scenarios. The contributions
of our work are summarized as follows:

• We present the MA-Mesh framework to construct
multi-agent systems resilient to partial system
failures and behavioral uncertainty.

• We explicitly decouple collaboration logic from
resilience policy in a structured specification,

from which we synthesize executable code, en-
abling a role-based self-healing layer to be over-
laid on top of any collaboration pattern.

• We introduce resilient proxies to realize the self-
healing layer, comprising cross-agent reflection
for role-specific degradation detection and role-
based failover for recovery.

• Through experiments on benchmarks including
software development, tool use, and scientific
reasoning, we demonstrate that MA-Mesh out-
performs existing multi-agent systems under di-
verse system uncertainty scenarios.

2 Related Work

Multi-agent systems have been widely adopted
across diverse domains, including software devel-
opment (Hong et al., 2024; Liu et al., 2025), sci-
entific discovery (Kim et al., 2025a; Schmidgall
et al., 2025), and complex mathematical reason-
ing (Du et al., 2024; Lei et al., 2024). In parallel,
several works (Chen et al., 2024b,a) automate the
configuration of multi-agent systems, dynamically
adapting agent roles and coordination structures
via an LLM orchestrator. Yet, these approaches
assume nominal operating conditions and rarely
address system-level resilience. Recently, Net-
Safe (Yu et al., 2025) analyzes which coordination
structures are inherently robust under adversarial at-
tacks, while C+I (Huang et al., 2025) explicitly han-
dles errors through challenger and inspector agents.
However, C+I remains limited to correction-based
mitigation, lacking role-aware evaluation and re-
configuration. In contrast, MA-Mesh provides a
service-mesh-style framework that augments any
collaboration pattern with two mechanisms: cross-
agent reflection, whose evaluation scope and cri-
teria are dynamically determined, and role-based
failover, which reconfigures agents at runtime upon
failures or performance degradation.

3 Problem Formulation

A multi-agent system Π executes a task T through
collaboration among multiple LLM-based agents,
each assigned a distinct role. Formally, Π is repre-
sented as a directed graph, i.e.,

Π = (V, E), E ⊆ V × V, (1)

where V is the set of agents, and E is the set of
directed communication edges.
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Figure 1: MA-Mesh Framework: In (i), given a task, the LLM orchestrator generates a resilience-aware system
specification comprising the collaboration logic and the cross-agent reflection, which specifies the reflection targets
and criteria. In (ii), the orchestrator synthesizes executable multi-agent policy code that incorporates role-based
failover, including its trigger conditions and meta-agent-driven agent replacement. As a result, the resilience-aware
system specification and the meta-agent responsible for failover recovery form the control plane, while the task-
executing agents and their resilient proxies form the data plane, which enforces the resilient mechanisms at runtime.

In real-world deployments, multi-agent systems
are exposed to diverse sources of system uncer-
tainty, such as network or hardware failures, im-
perfect agent behavior, and adversarial interven-
tions. To model such uncertainty, we adopt chaos
engineering practices (Netflix, 2012; Chaos Mesh,
2021) which inject stochastic perturbations during
system execution. Concretely, we consider three
primitive classes of perturbations: agent chaos,
which captures agent termination due to network
or hardware faults; prompt chaos, which models
errors in the agent prompts; and I/O chaos, which
captures partial corruption of agent-generated out-
puts during transmission.

Then, the resilient agent collaboration problem
is formalized through a framework Φ(T ) that maps
a task T to a multi-agent system Π, maximizing the
task performance P(Π, T , u) ∈ [0, 1] under system
uncertainty u ∈ U as follows:

Φ∗ = argmax
Φ

Eu∼U ,Π∼Φ(T ) [P(Π, T , u)] . (2)

4 Our Approach

4.1 Overall Framework
To automate the construction of resilient multi-
agent systems, we present the MA-Mesh frame-
work comprising two stages: (i) resilience-aware
system specification, and (ii) multi-agent policy
code synthesis, as illustrated on the left side of
Figure 1. In (i), an LLM orchestrator derives a
structured specification that consists of the collabo-

ration logic and the cross-agent reflection mecha-
nism. The collaboration logic specifies the sub-task
decomposition, the coordination structure, and the
agent roles. As a default, it is dynamically gener-
ated by the orchestrator, but it can also be adopted
from a predefined collaboration pattern of an exist-
ing static multi-agent system. Cross-agent reflec-
tion associates each agent with a resilient proxy
that specifies the reflection target and criteria. At
runtime, these proxies assess the outcomes pro-
duced by peer agents and provide feedback accord-
ingly. In (ii), given the resulting specification, the
orchestrator synthesizes executable multi-agent pol-
icy code by instantiating the agents and resilient
proxies as parameterized classes. In doing so, the
role-based failover mechanism is embedded into
the resilient proxies, which trigger failover upon
detecting runtime execution failures or suboptimal
agent behavior, prompting the meta-agent to re-
place the affected agent.

Consequently, MA-Mesh constructs a service-
mesh-like resilient multi-agent system, where the
resilience-aware system specification and the meta-
agent responsible for runtime agent replacement
together form the control plane, while the agent
instances and their resilient proxies constitute the
data plane, as shown on the right side of Figure 1.

4.2 Resilience-Aware System Specification
Given a task T , the LLM orchestrator ϕLLM de-
rives a structured specification of the resilient multi-
agent system in a form readily translatable into
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executable code. As shown in Figure 2, the specifi-
cation comprises two parts: the collaboration logic
and the cross-agent reflection. The collaboration
logic decomposes the task into K sub-tasks τ , each
paired with a coordination structure c and a set of
agent profiles P . The cross-agent reflection R is
defined over all agents in the system, assigning
each agent a resilient proxy that specifies its reflec-
tion target and criteria. Together, they yield the
resilience-aware system specification as,

ϕLLM : T →
(
{(τk, ck,Pk)}Kk=1,R

)
. (3)

Note that the collaboration logic, generated by the
orchestrator by default, can instead be drawn from
an existing static multi-agent system (see Table 5).

# Collaboration logic: {(τk, ck,Pk)}K
k=1

sub_task: str = "Develop data management ..."
coordination_structure: str = "Parallel & Merge"
agent_profiles: list = [
{ "agent_name": "DataManagerDeveloper",

"responsibility": "Implement manage.py ...",
"tools": ["file write"] }, ...]

# Repeated for k = 1, . . . , K

# Resilient Proxies: Cross -Agent Reflection R
[{ "reflection_source": "UIArchitect",

"reflection_targets": "DataManagerDeveloper",
"reflection_criteria": (
"1. Check manage.py implements all methods",
"2. Check manage.py handles file I/O.",
...)} , ...]

Figure 2: Resilience-aware system specification

Coordination structure. For each sub-task, the
LLM orchestrator selects the coordination struc-
ture that best fits its objective from a pool C =
{‘sequential’, ‘parallel&merge’, ‘debate’, ‘refine’},
adopted from the taxonomy of AutoGen (Wu et al.,
2024). Detailed examples are shown in Figure 11.
Agent profile. Each agent profile specifies the
agent’s role-related configuration, including re-
sponsibilities, permitted tools, input sources and
modalities, and expected output artifacts and for-
mats. The corresponding agent prompts are gener-
ated through separate LLM invocations.
Resilient proxy: cross-agent reflection. To en-
hance system resilience, we equip each agent with
a resilient proxy. Each proxy encodes a cross-agent
reflection mechanism that specifies (1) the reflec-
tion targets, which are the agents whose outputs
it evaluates, and (2) reflection criteria, which cap-
ture both output quality and role-level expectations
from the reflecting agent’s perspective. Note that a
reflection target may belong to a different sub-task,
and if an agent is selected by no other agent, its

resilient proxy performs self-reflection by default.
Accordingly, the resulting resilient multi-agent sys-
tem defined in Eq. (1) is extended as

Π = (V,Vr, E),
E ⊆ (Vr × Vr) ∪ (Vr × V) ∪ (V × Vr),

(4)

where Vr denotes the set of resilient proxies.
This design removes direct communication be-
tween agents V and routes all interactions through
resilient proxies Vr, ensuring that every outcome
is intercepted for cross-agent reflection. When an
outcome violates the reflection criteria, the proxy
returns feedback prompting the agent to regenerate
its output. We maintain a retry counter to track the
number of reflection attempts; once it exceeds a
predefined threshold, the role-based failover (see
Section 4.3) is triggered to replace the agent.

4.3 Multi-Agent Policy Code Synthesis
Given the resilience-aware system specification,
the LLM orchestrator translates it into executable
code. We build on the AutoGen (Wu et al., 2024)
library, pre-wrapping each task-executing agent
and its associated resilient proxy into a class so that
agent profiles and resilient proxy specifications can
be instantiated through parameterized constructors.

class AgentWithResilientProxy:
def __init__(self , agent_profile , proxy_spec ):

# task executing agent
self.agent = create_agent (** agent_profile)
# resilient proxy
self.proxy = create_proxy (** proxy_spec)

def __call__(self , request ):
# see Algorithm 1

def cross_agent_reflection(self):
# see Algorithm 2 in Appendix E
# :return: feedback if error identified

def role_based_failover(self):
# see Algorithm 3 in Appendix E
# :return: a new agent for replacement

Figure 3: Example code for agent with resilient proxy

Resilient proxy: role-based failover. The role-
based failover mechanism is built into the resilient
proxy class, so code synthesis simply instantiates
proxies already equipped to detect failover condi-
tions and initiate agent replacement. The replace-
ment is handled by a dedicated meta-agent that
does not itself participate in task execution. To
replace an agent identified as faulty or degraded,
the meta-agent initializes a new agent with a re-
fined role specification. Role-based failover is
triggered under two conditions. (i) The resilient
proxy enforces a response timeout to regulate each
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Algorithm 1 Procedure of Resilient Proxy
1: Input: Agent A, Proxy P , Request x
2: Output: Response y
3: for r = 0 to max_retry do
4: try:
5: y ← agent_call(A, x)
6: except Timeout:
7: /* trigger failover due to response timeout */

8: A← role_based_failover(P )
9: continue

10: n← 0
11: while n < max_reflection_attempts do
12: /* generate feedback via cross-agent reflection */

13: f ← cross_agent_reflection(P, x, y)
14: if f is None then
15: return y
16: else
17: x← concat(x, y, f);n← n+ 1
18: /* timeout handling omitted for brevity */

19: y ← agent_call(A, x)
20: end if
21: end while
22: /* trigger failover due to violation of reflection */

23: A← role_based_failover(P )
24: end for
25: return y

agent’s execution. If an agent fails to respond
within this limit, the proxy triggers failover. (ii)
Failover is also triggered when the cross-agent re-
flection repeatedly identifies that an agent fails to
satisfy the specified reflection criteria, with the
number of failed attempts exceeding a predefined
retry threshold. As a result, role-based failover en-
ables the system to dynamically recover from both
runtime execution failures and suboptimal agent be-
haviors, ensuring resilient task execution without
re-orchestrating the entire multi-agent system.

The overall procedure of an agent and its re-
silient proxy is summarized in Algorithm 1.

4.4 Resilient Multi-Agent System

Conceptually, the resulting resilient multi-agent
system follows a service-mesh-like architecture,
comprising a control plane and a data plane. The
resilience-aware system specification serves as the
control plane artifact, encoding collaboration logic
and cross-agent reflection. At runtime, the meta-
agent residing in the control plane leverages this
specification to instantiate appropriate replacement
agents, preserving the continuity of task execution.

The data plane consists of the agents and resilient
proxies instantiated from the synthesized multi-
agent code. The agents are responsible for task exe-
cution, while resilient proxies enforce the encoded
role-based self-healing mechanisms by monitor-
ing agent execution, applying timeout constraints,
performing cross-agent reflection, and triggering
role-based failover when necessary.

5 Experiments

5.1 Experiment Setup

Benchmarks. We evaluate on four benchmarks
spanning three domains: (i) software development
– GUI Dev. and Web Dev., which we adapt from Liu
et al. (2025) and Hu et al. (2025b) into complex,
long-horizon tasks; (ii) tool use – GAIA (Mialon
et al., 2024); and (iii) scientific reasoning – GPQA-
Diamond (Rein et al., 2023). Further details are
provided in Appendix C.
System Uncertainty. We consider four types of
system uncertainty: (i) Agent Chaos randomly
terminates agents with a given probability (Basiri
et al., 2016); (ii) Prompt Chaos perturbs agent
prompts through replacement, deletion, and shuf-
fling (Huang et al., 2025); (iii) I/O Chaos applies
the same perturbations to agent outputs before they
are consumed by other agents; and (iv) Compound
Chaos applies all three system uncertainties.

Additionally, we evaluate on adversarial attack
scenarios (Xie et al., 2025) in Table 3, where an
external agent injects malicious content into role
prompts, task prompts, or outputs to mislead agent
behavior; and noisy tool scenarios (Wang et al.,
2026) in Table 4, where tool operations suffer from
execution failures and noisy responses.
Evaluation Metrics. To evaluate task performance,
we report Accuracy (Acc), the fraction of success-
fully completed tasks. We also report Detection
Recall (DR), the ratio of correctly identified af-
fected agents to all affected agents.
Baselines. We compare MA-Mesh against four
categories of baselines: (i) single-agent method –
CoT (Wei et al., 2022); (ii) static multi-agent sys-
tems – MetaGPT (Hong et al., 2024), RTADev (Liu
et al., 2025), and LLM-Debate (Du et al., 2024);
(iii) autonomous multi-agent systems – Agent-
Verse (Chen et al., 2024b) and EvoMAC (Hu
et al., 2025b); (iv) resilient multi-agent systems –
C+I (Huang et al., 2025).

We use gpt-4.1-mini-0414 (OpenAI, 2025) as
the LLM for all baselines and MA-Mesh. Addition-
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Vanilla Agent Chaos Prompt Chaos I/O Chaos Compound Chaos

Benchmark Method Acc (%) Acc (%) DR Acc (%) DR Acc (%) DR Acc (%) DR

GUI
Dev.

CoT 66.02±2.53 0.00±0.00 0.00±0.00 25.03±5.87 0.00±0.00 0.00±0.00 0.00±0.00 3.96±4.40 0.00±0.00
RTADev 66.30±1.60 21.87±8.35 0.61±0.15 39.64±3.27 0.42±0.14 33.90±13.38 0.19±0.17 14.99±8.29 0.43±0.09
MetaGPT 70.51±4.22 7.39±6.10 0.00±0.00 21.62±5.12 0.00±0.00 22.63±11.46 0.00±0.00 0.00±0.00 0.00±0.00
C+I 68.05±2.46 4.46±4.47 0.24±0.03 19.30±6.23 0.29±0.04 47.37±4.24 0.86±0.03 1.59±2.75 0.30±0.03
AgentVerse 66.53±6.59 32.87±6.03 0.00±0.00 44.61±8.08 0.00±0.00 37.89±12.94 0.00±0.00 26.36±6.13 0.00±0.00
EvoMAC 72.79±1.96 48.01±11.28 0.00±0.00 52.15±8.34 0.00±0.00 63.65±7.45 0.00±0.00 24.38±11.92 0.00±0.00
MA-Mesh 75.29±4.34 71.05±1.64 1.00±0.00 65.30±5.48 0.84±0.08 67.87±5.07 0.82±0.07 65.66±5.69 0.90±0.05

Web
Dev.

CoT 45.73±3.02 0.00±0.00 0.00±0.00 0.60±1.04 0.00±0.00 0.00±0.00 0.00±0.00 0.19±0.32 0.00±0.00
RTADev 40.17±6.78 12.68±4.60 0.44±0.17 8.85±0.53 0.46±0.02 16.74±4.50 0.20±0.11 2.68±4.12 0.36±0.06
MetaGPT 42.09±7.03 4.81±2.77 0.00±0.00 6.30±5.03 0.00±0.00 11.91±3.30 0.00±0.00 0.41±0.35 0.00±0.00
C+I 45.25±3.67 5.72±2.81 0.10±0.14 12.47±9.17 0.31±0.07 14.03±0.39 0.75±0.10 0.00±0.00 0.25±0.04
AgentVerse 52.01±2.06 11.95±6.38 0.00±0.00 21.55±8.06 0.00±0.00 12.50±1.38 0.00±0.00 18.38±3.77 0.00±0.00
EvoMAC 41.33±4.47 20.45±4.72 0.00±0.00 24.29±2.56 0.00±0.00 14.72±7.17 0.00±0.00 5.80±5.10 0.00±0.00
MA-Mesh 59.68±1.84 53.98±1.55 1.00±0.00 53.11±1.82 0.94±0.04 54.12±1.58 0.75±0.13 49.76±0.32 0.91±0.02

GAIA

CoT 28.61±3.57 0.00±0.00 0.00±0.00 1.01±0.35 0.00±0.00 4.85±1.60 0.00±0.00 0.61±0.61 0.00±0.00
LLM-Debate 32.32±1.85 13.13±2.45 0.00±0.00 19.39±2.10 0.00±0.00 15.96±3.45 0.00±0.00 5.25±0.93 0.00±0.00
C+I 30.10±0.92 14.75±3.11 0.53±0.06 20.81±1.95 0.62±0.04 17.58±5.97 0.99±0.00 3.70±1.91 0.72±0.09
AgentVerse 24.31±2.38 13.18±1.45 0.00±0.00 7.07±1.75 0.00±0.00 11.31±5.44 0.00±0.00 7.68±6.48 0.00±0.00
MA-Mesh 32.73±1.60 29.90±4.94 1.00±0.00 26.46±3.55 0.83±0.02 29.09±0.61 0.92±0.01 24.44±4.59 0.94±0.01

GPQA
Diamond

CoT 64.14±1.01 0.00±0.00 0.00±0.00 27.94±0.58 0.00±0.00 30.97±2.10 0.00±0.00 20.04±1.54 0.00±0.00
LLM-Debate 66.50±1.27 26.77±7.02 0.00±0.00 35.52±7.65 0.00±0.00 41.41±4.01 0.00±0.00 15.32±3.44 0.00±0.00
C+I 65.15±1.33 35.35±3.81 0.66±0.09 52.36±2.04 0.52±0.02 51.67±4.22 0.96±0.03 16.33±2.49 0.66±0.22
AgentVerse 62.46±2.59 28.62±2.96 0.00±0.00 31.14±3.04 0.00±0.00 27.95±11.21 0.00±0.00 22.90±6.11 0.00±0.00
MA-Mesh 67.68±2.20 61.87±1.07 1.00±0.00 62.46±3.79 0.81±0.02 61.11±2.53 0.98±0.01 61.45±3.04 0.96±0.01

Table 1: Performance under system uncertainty: The baselines and MA-Mesh are evaluated on the GUI Dev., Web
Dev., GAIA, and GPQA-Diamond benchmarks. Each method is run for three trials, and results are averaged across
trials. The best performance for each benchmark is highlighted in bold.

ally, we utilize reasoning models of o4-mini and
gemini-3-flash (Google, 2025) for ablation.

5.2 Main Results

Table 1 reports the performance of MA-Mesh and
the baselines across four benchmarks, under both
the vanilla setting (i.e., nominal system conditions)
and the four system uncertainty scenarios. Under
the vanilla setting, MA-Mesh yields robust perfor-
mance across all benchmarks, achieving an average
improvement of 6.71 pp in accuracy over the most
competitive baseline C+I. This improvement is pri-
marily attributed to cross-agent reflection, through
which resilient proxies identify suboptimal inter-
mediate outcomes and proactively trigger agent
replacement, thereby preventing error propagation.

Across the four system uncertainty scenarios,
MA-Mesh consistently achieves the highest perfor-
mance, outperforming C+I by 39.13 pp, 25.60 pp,
20.39 pp, and 44.92 pp in average accuracy, re-
spectively. Further, MA-Mesh attains substantially
higher DR than C+I, except under the I/O chaos, in-
dicating that MA-Mesh correctly identifies affected
agents. As CoT, MetaGPT, LLM-Debate, Agent-
Verse, and EvoMAC do not explicitly incorporate
resilience mechanisms (e.g., the self-correction in
C+I), we report their DR as 0.0.

In these experiments, CoT yields zero accuracy
under agent chaos, since any single-point failure

directly terminates task execution. In contrast,
multi-agent systems are generally more robust,
as failures of individual agents can be partially
compensated for by other agents. Yet, MetaGPT,
LLM-Debate, and EvoMAC show limited per-
formance, lacking explicit mechanisms to detect
and recover from system uncertainty. C+I and
RTADev improve performance by incorporating
self-correction: C+I introduces dedicated inspector
and challenger agents to detect and correct erro-
neous outputs, while RTADev evaluates each new
outcome against prior ones to refine faulty out-
comes and maintain alignment across execution
steps. Unlike these correction-based mechanisms,
MA-Mesh performs cross-agent reflection to as-
sess agents from the perspectives of their peers
and addresses failures by replacing agents through
role-based failover. As a result, the resilient prox-
ies in MA-Mesh function as infrastructure-level
resilience mechanisms that mitigate error propaga-
tion and enforce role-based recovery.

5.3 Analysis

Varying Chaos Conditions. Table 2 reports the
performance of RTADev, C+I, and MA-Mesh un-
der varying chaos conditions on both software de-
velopment benchmarks. For Agent Chaos, we vary
its severity via termination ratios of 20%, 40%,
and 60%. As the termination ratio increases, ac-

32938



Agent Chaos Prompt Chaos I/O Chaos

20% 40% 60% Replace Delete Shuffle Replace Delete Shuffle

Method Acc (%) DR Acc (%) DR Acc (%) DR Acc (%) DR Acc (%) DR Acc (%) DR Acc (%) DR Acc (%) DR Acc (%) DR

GUI
Dev.

RTADev 20.98 0.62 14.12 0.72 9.68 0.34 33.53 0.41 37.18 0.33 29.76 0.40 51.65 0.19 40.18 0.23 54.68 0.10
C+I 4.37 0.38 0.00 0.31 0.00 0.35 9.52 0.16 17.80 0.52 23.60 0.33 39.54 0.79 54.55 0.93 46.71 0.71
MA-Mesh 66.25 1.00 68.60 1.00 68.35 1.00 59.73 0.60 54.73 0.62 52.89 0.72 52.02 0.82 60.77 0.83 66.45 0.58

Web
Dev.

RTADev 12.56 0.48 5.86 0.49 5.14 0.34 14.76 0.49 5.00 0.31 4.53 0.41 9.47 0.06 10.71 0.34 13.28 0.20
C+I 5.44 0.47 2.50 0.26 0.00 0.18 12.58 0.28 15.90 0.42 8.57 0.05 20.29 0.68 23.01 0.78 3.89 0.56
MA-Mesh 60.05 1.00 60.43 1.00 53.57 1.00 52.22 0.95 51.86 1.00 46.11 0.93 53.55 0.55 54.40 0.65 50.89 0.82

Table 2: Performance under various chaos conditions

curacy degrades sharply for the baselines, while
MA-Mesh maintains robust performance across all
severity levels. This is due to role-based failover in
MA-Mesh, which detects failures through timeouts
and replaces the affected agents. For Prompt Chaos,
we apply three perturbation types, namely ran-
dom word replacement, deletion, and shuffling, and
MA-Mesh consistently outperforms the baselines
in all cases. Since agents are not merely response
generators but actors with explicitly assigned roles,
correction-based baselines are less effective under
prompt corruption. In contrast, MA-Mesh explic-
itly assesses peer outcomes with role-aware reflec-
tion criteria and recovers compromised agents via
role-based failover, thereby showing improved per-
formance. For I/O Chaos, we apply the same per-
turbations as Prompt Chaos, and MA-Mesh again
outperforms the baselines. C+I occasionally attains
higher DR than MA-Mesh because its correction-
based strategy over-detects affected agents. When
an output is perturbed, part of its semantic content
remains intact; MA-Mesh’s cross-agent reflection
filters out such cases, while C+I still flags them as
failures. As a result, although C+I exhibits higher
DR in some settings, this gain comes at the cost of
substantially lower accuracy than MA-Mesh.

Adversarial Attack. In Table 3, we model a ma-
licious agent that crafts prompts or outputs to mis-
lead agent behavior and disrupt coordination (Xie
et al., 2025). These attack scenarios target the se-
mantic intent of role prompts, task prompts, or
agent-generated outputs, steering agents toward
adversarial behaviors. As shown, MA-Mesh main-
tains robust performance in all cases and outper-
forms C+I by 45.02 pp in average accuracy, as
cross-agent reflection detects semantic inconsisten-
cies with assigned roles and role-based failover
recovers affected agents.

Noisy Tool Scenarios. Since multi-agent systems
often utilize external tools for task completion, we
evaluate performance on GAIA under two noisy

Role Prompt Task Prompt Output

Method Acc (%) DR Acc (%) DR Acc (%) DR

GUI
Dev.

RTADev 28.64 0.66 48.82 0.40 20.29 0.33
C+I 6.80 0.24 8.52 0.24 4.44 0.46
MA-Mesh 63.95 0.93 52.98 0.52 52.14 0.56

Web
Dev.

RTADev 11.19 0.59 18.22 0.39 7.56 0.45
C+I 15.14 0.25 6.11 0.10 4.13 0.44
MA-Mesh 48.00 0.91 53.77 0.92 44.39 0.60

Table 3: Performance w.r.t. adversarial attacks

tool scenarios, i.e., execution failure and noisy re-
sponse (Wang et al., 2026). As shown in Table 4,
MA-Mesh outperforms C+I by 4.55 pp in average
accuracy, highlighting that MA-Mesh remains re-
silient under tool failures that may be encountered
in practical deployment.

Vanilla Execution Failure Noisy Response

Method Acc (%) Acc (%) DR Acc (%) DR

LLM-Debate 32.32 15.76 0.00 18.79 0.00
C+I 30.10 22.42 0.50 23.64 0.49
MA-Mesh 32.73 27.88 0.99 27.27 0.89

Table 4: Performance w.r.t. noisy tool scenarios

Augmenting Existing Methods with MA-Mesh.
In Table 5, we verify that MA-Mesh can be lay-
ered onto any existing multi-agent collaboration
pattern. Specifically, we apply MA-Mesh on top
of the collaboration patterns of MetaGPT and
RTADev, improving their performance by 43.74
pp and 29.42 pp on average, respectively. This
is enabled by MA-Mesh’s code-based representa-
tion, which translates any existing collaboration
pattern into a resilience-aware specification, and
synthesizes it into executable code.

Agent Chaos Prompt Chaos I/O Chaos

Method Acc (%) DR Acc (%) DR Acc (%) DR

MetaGPT 7.39 0.00 21.62 0.00 22.63 0.00
+ MA-Mesh 66.86 1.00 56.90 0.88 59.09 0.89

RTADev 21.87 0.61 39.64 0.42 33.90 0.19
+ MA-Mesh 62.13 1.00 56.88 0.75 64.65 0.91

Table 5: Augmenting existing methods with MA-Mesh

32939



Cost Analysis. Table 6 reports the API cost and
wall-clock time of MA-Mesh and the baselines,
separated into the cost of agents and resilient com-
ponents. For RTADev, which has no resilience
mechanism, only agent cost is reported. Consider-
ing only the resilience components, MA-Mesh in-
curs less than one-half the API cost of C+I. Even in
total cost, MA-Mesh is $0.01 lower than RTADev,
indicating that the resilient proxies add minimal
overhead. Moreover, MA-Mesh is time efficient, as
23% of its coordination structures adopt the parallel
& merge pattern (see Figure 12), enabling concur-
rent execution unlike the predominantly sequential
execution employed by the baselines. Further de-
tailed cost analysis is provided in Appendix F.1.

API Cost ($) Wall-clock Time (min)

Method Agent Resilient Total Agent Resilient Total

RTADev 0.180 – 0.180 16.26 – 16.26
C+I 0.049 0.155 0.204 5.12 3.14 8.26
MA-Mesh 0.114 0.055 0.170 3.76 0.77 4.53

Table 6: Inference cost analysis

5.4 Ablation Study
Ablation on Resilient Proxy. Table 7 presents
the impact of removing cross-agent reflection, role-
based failover, and the full resilient proxy on the
Web Dev., with all variants using the same syn-
thesized workflow as MA-Mesh. Even under the
vanilla setting, removing these components de-
grades performance, since MA-Mesh detects and
mitigates errors from both suboptimal role assign-
ment by the orchestrator and hallucinated agent out-
puts. The degradation becomes more pronounced
under Compound Chaos. In particular, remov-
ing the full resilient proxy reduces accuracy to
zero, since no mechanism remains to recover faulty
agents, highlighting the effectiveness of MA-Mesh.
Further ablation results for the resilient proxy are
provided in Appendix F.4.

Vanilla Compound Chaos

Method Acc (%) Acc (%) DR

MA-Mesh 59.68 49.76 0.91
– Cross-agent Reflection 49.89 17.57 0.57
– Role-based Failover 52.50 4.13 0.35
– Resilient Proxy 46.06 0.00 0.00

Table 7: Ablation on resilient proxy in MA-Mesh

Ablation on LLM. In Table 8, we vary the
LLM used for agents and resilient proxies, adopt-
ing reasoning-oriented LLMs (e.g., o4-mini,

gemini-3-flash) evaluated on GUI Dev. These
models consistently improve performance across
all cases. The gains appear even when applied only
to resilient proxies, indicating that stronger reason-
ing enables more precise, role-aware feedback.

Prompt Chaos I/O Chaos

Target LLM Acc (%) DR Acc (%) DR

Task Agent
gpt-4.1-mini 65.30 0.84 67.87 0.82
o4-mini 78.91 0.76 77.08 0.85
gemini-3-flash 73.56 0.94 79.08 1.00

Resilient Proxy
gpt-4.1-mini 65.30 0.84 67.87 0.82
o4-mini 71.64 0.91 79.11 1.00
gemini-3-flash 69.50 0.71 85.81 0.94

Table 8: Ablation on LLM used in MA-Mesh

5.5 Case Study on Cloud-Native Testbed

To validate MA-Mesh beyond synthetic chaos sce-
narios, we use AIOpsLab (Chen et al., 2025), a
cloud-native testbed, to reproduce infrastructure-
level system uncertainty that arises in cloud envi-
ronments. Specifically, we instantiate each agent
as a separate Kubernetes pod and use Chaos
Mesh (Chaos Mesh, 2021) to inject Stress Chaos,
Disk I/O Chaos, and Network Chaos, which stress
CPU and memory, disk access, and pod-to-pod
communication, respectively. As shown in Table 9,
MA-Mesh remains effective under such realistic
chaos settings, as its service-mesh-inspired design
aligns naturally with cloud-native infrastructure.

Stress Chaos Disk I/O Chaos Network Chaos

Method Acc (%) DR Acc (%) DR Acc (%) DR

LLM-Debate 38.89 0.00 31.82 0.00 37.37 0.00
C+I 47.98 0.70 34.34 0.79 43.94 0.46
MA-Mesh 55.56 1.00 60.61 1.00 56.06 1.00

Table 9: Performance on cloud-native testbed

6 Conclusion

In this work, we presented the MA-Mesh frame-
work for constructing resilient multi-agent systems
that systematically address partial failures and be-
havioral uncertainty. By decoupling collaboration
logic from resilience policy in a structured specifi-
cation, MA-Mesh synthesizes executable code that
overlays a role-based self-healing layer on top of a
collaboration pattern. This layer is realized through
resilient proxies which integrate cross-agent reflec-
tion for role-specific degradation detection with
role-based failover for recovery. Through exten-
sive experiments on diverse system uncertainty
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scenarios, together with a case study on a cloud-
native testbed, we demonstrate that MA-Mesh con-
sistently outperforms existing multi-agent systems
in both task performance and resilience.

Limitations

As shown in Table 8, employing more capable rea-
soning models solely within the resilient proxies
consistently improves performance. In the current
design, reasoning models are assigned statically,
regardless of task difficulty or runtime conditions.
Allocating them dynamically, invoking stronger
reasoning only when needed, remains an important
direction for future work. Another limitation is the
assumption that the resilient proxies and the meta-
agent remain available throughout execution; such
failures fall outside the current threat model and
are delegated to infrastructure-level fault tolerance.

Ethical Considerations

This work seeks to characterize and reduce failure
modes in LLM-based multi-agent collaboration,
enabling more robust orchestration. The chaos en-
gineering techniques introduced in this study serve
as experimental tools to evaluate the resilience of
multi-agent systems through stochastic perturba-
tions that simulate system uncertainty. Although
these techniques could potentially be exploited to
disrupt agent behaviors or corrupt outputs, such
risks are mitigated by resilience mechanisms de-
signed to detect uncertainty. To ensure trans-
parency and reproducibility, a detailed description
of each chaos scenario is provided in Appendix D.1.
These techniques are intended solely for defensive
evaluation and academic research, and should not
be used to enable malicious interference.
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A Related Work

Multi-agent System. LLM-based multi-agent sys-
tems have emerged as an effective paradigm for
solving complex tasks by assigning specialized
roles to multiple agents and coordinating their in-
teractions. Existing systems often encode such col-
laboration through manually designed roles, task
handoffs, and communication protocols. LLM-
Debate (Du et al., 2024) adopts a solver-judge de-
bate structure, where solver agents independently
generate responses, iteratively critique one another,
and a judge agent synthesizes the final answer.
MetaGPT (Hong et al., 2024) formalizes software
development as an SOP-based workflow, where
fixed roles such as product manager, architect, en-
gineer, and QA engineer sequentially exchange
artifacts across development stages. RTADev (Liu
et al., 2025) extends this static development work-
flow with intention-alignment checks, where re-
viewer agents inspect intermediate artifacts and
trigger discussion when downstream outputs di-
verge from prior role intents. While this role-based
design enables structured collaboration, static co-
ordination structures make it difficult to adapt the
system beyond predefined task scopes. Accord-
ingly, AgentVerse (Chen et al., 2024b) automates
agent-team coordination through dynamic expert
recruitment, collaborative decision-making, action
execution, and evaluation. AutoAgents (Chen et al.,
2024a) dynamically generates specialized agents
from task content and coordinates them through
task-specific planning. AFlow (Zhang et al., 2025b)
represents agentic workflows as executable code
and optimizes them through Monte Carlo Tree
Search with execution feedback. MaAS (Zhang
et al., 2025a) searches over an agentic supernet
to sample query-dependent multi-agent architec-
tures with task-specific resource allocation. Evo-
MAC (Hu et al., 2025b) self-evolves multi-agent
collaboration networks by converting execution
feedback into textual gradients that update agent
prompts, connections, and workflows during test-
time execution. However, these methods assume
nominal system conditions and do not explicitly
address failures or behavioral uncertainty during
runtime. In contrast, MA-Mesh extends a collabo-
ration pattern with resilience policies for runtime
monitoring and recovery under system uncertainty.
Cloud Native Resilience. Resilience has long
been a fundamental design consideration in large-
scale cloud and distributed systems (Basiri et al.,

Figure 4: Cloud-Native Service Mesh

2016; Taleb et al., 2016). In particular, the ser-
vice mesh (Li et al., 2019) has emerged as a prin-
cipled architectural approach to achieve system-
level resilience by decoupling resilience logic from
microservice applications. The service mesh ex-
plicitly separates a control plane, which manages
resilience policies through declarative configura-
tions, from a data plane, where sidecar prox-
ies attached to microservices intercept service-to-
service communication and provide fault-tolerance
mechanisms such as retries, timeouts, and cir-
cuit breaking (Homer et al., 2014). MA-Mesh
adapts this cloud-native principle to multi-agent
systems through an infrastructure-as-code (IaC) ap-
proach (Morris, 2016). In this sense, the artifact
constructed through IaC is a service-mesh-style
infrastructure, where synthesized policy code in-
stantiates sidecar-like resilient proxies around task-
executing agents. This enables infrastructure-level
enforcement of resilience policies for multi-agent
systems, without embedding resilience logic di-
rectly into agent implementations.

B Service Mesh-inspired MA-Mesh

Large-scale applications are often deployed as
cloud-native microservices, where inter-service
dependencies allow partial failures to propagate
across downstream services. Such failure prop-
agation motivates the evaluation of system-level
resilience – the system’s capability to maintain ser-
vice availability despite failures in individual ser-
vices. Chaos engineering evaluates this resilience
by injecting controlled failures into target services
during execution, such as service crashes, network
disruptions, and timeouts.

To improve resilience under such failures, a ser-
vice mesh provides a cloud-native infrastructure
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Type Benchmark Task Test Case

Amount Length Functional Units Basic Advanced

Web rSDE-Bench 45 4,119 5.50 6.49 5.49
Ours 20 8,793 8.75 – 9.00

GUI FSD-Bench 41 927 5.35 – –
Ours 21 15,880 6.67 – 11.04

Table 10: Comparison between existing benchmarks (rSDE-Bench and FSD-Bench) and our proposed benchmark

layer for managing service-to-service communi-
cation and resilience policies. As shown in Fig-
ure 4, the control plane manages these policies,
while sidecar proxies in the data plane mediate ser-
vice interactions and detect partial failures through
mechanisms such as retries, timeouts, circuit break-
ing, failover, and health checking. This separation
decouples business logic from resilience logic, en-
abling runtime failure mitigation without modify-
ing application code.

MA-Mesh adopts the control–data plane sepa-
ration and the sidecar-proxy pattern from service
meshes, attaching a resilient proxy to each task-
executing agent to mediate inter-agent communi-
cation. To adapt this pattern to LLM-based collab-
oration, cross-agent reflection replaces predefined
local health checks with distributed LLM-based
evaluation under role-specific criteria. Role-based
failover likewise refines the role specification of
the replacement agent rather than reinstantiating an
identical replica.

C Benchmark Details

In this section, we present the benchmarks used to
evaluate our method, including software develop-
ment (GUI Dev. and Web Dev.), tool use (GAIA),
and scientific reasoning (GPQA-Diamond).

C.1 Software Development

To evaluate the coding capabilities of LLMs, prior
studies have traditionally relied on benchmarks
such as MBPP (Austin et al., 2021) and Hu-
manEval (Chen et al., 2021), which target relatively
simple programming tasks. However, these bench-
marks have become trivial for modern LLMs; for
instance, Zhang et al. (2025a) report that a CoT
with gpt-4o-mini already attains success rates of
87.08% on HumanEval and 71.88% on MBPP.

In response, more challenging benchmarks
such as FSD-Bench (Liu et al., 2025) and rSDE-
Bench (Hu et al., 2025b) have recently been in-
troduced to better assess multi-agent systems on

software development tasks. Given a requirement
specification, models must produce complete im-
plementations that pass a suite of automated tests,
closely mirroring real-world development work-
flows. Yet even these benchmarks are beginning to
saturate. As shown in Table 11, a single-agent setup
with gpt-4o-mini, the prevailing model in 2024,
achieved only 53.65% accuracy on rSDE-Bench,
whereas gpt-4.1-mini reached 79.55% under the
same setting within a year.

Model Release Date Accuracy (%)

gpt-4o-mini 2024.07 53.65
gpt-4.1-mini 2025.04 79.55

Table 11: Performance saturation on rSDE-Bench

Motivated by these observations, we extend FSD-
Bench and rSDE-Bench into a new software devel-
opment benchmark, aiming to better probe state-
of-the-art LLMs. The benchmark consists of two
task suites – Web Development and GUI Develop-
ment – derived from rSDE-Bench and FSD-Bench,
respectively. Each task is built in two steps. We
first expand an original specification into a more
demanding one by lengthening the description and
increasing the number of functional units to imple-
ment. We then use Claude Code (Anthropic, 2026)
to generate the accompanying Selenium-based au-
tomated tests. We validate the resulting benchmark
on two fronts: correctness and difficulty. For cor-
rectness, two authors independently review every
specification and test pair, ensuring that each speci-
fication is internally consistent and implementable.
For difficulty, we quantitatively evaluate the result-
ing benchmark. As shown in Table 10, our Web De-
velopment tasks are 113% longer with 59% more
functional units than rSDE-Bench, while our GUI
Development tasks are 1,613% longer with 25%
more functional units than FSD-Bench. An exam-
ple task and its test code are shown in Figure 5 and
Figure 6, respectively.
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Web Development Task

Requirements Document for `OnlineLibrary' Web Application

1. Objective
Develop a comprehensive web application named `OnlineLibrary' using Python, with data managed through local text files.
The application enables users to search and browse books, borrow and return books, write reviews, manage reservations,
and track their borrowing history. Note that the website should start from the Dashboard page.

2. Language
The required development language for the `OnlineLibrary' application is Python.

3. Page Design
The `OnlineLibrary' web application will consist of the following ten pages:

- Borrow Confirmation Page
- Page Title: Borrow Confirmation
- Overview: A page to confirm book borrowing details.
- Elements:

- ID: borrow-page
Type: Div
Description: Container for the borrow confirmation page.

- ID: borrow-book-info
Type: Div
Description: Display information about the book being borrowed.

- ID: due-date-display
Type: Div
Description: Display the due date for return, 14 days from borrow.

- ID: confirm-borrow-button
Type: Button
Description: Button to confirm borrowing.

- Other 9 pages are omitted:
Dashboard, Book Catalog, Book Details, My Borrowings, My Reservations, My Reviews, Write Review, User Profile, Payment

Confirmation.

4. Data Storage
The `OnlineLibrary' application will store data locally in text files organized in the directory data. The following data

formats and examples are defined:

- Borrowings Data
- File Name: borrowings.txt
- Data Format:

borrow_id|username|book_id|borrow_date|due_date|return_date|status|fine_amount

- Example Data:
1|john_reader|2|2024-11-01|2024-11-15||Active|0
3|john_reader|3|2024-10-15|2024-10-29||Overdue|5.00

- 5 other data files are omitted for brevity:
users.txt, books.txt, reservations.txt, reviews.txt, fines.txt.

Figure 5: Example task from the web development benchmark
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Test Code for Web Development Benchmark

# Example: OnlineLibrary (10 test cases)

class TestCase(unittest.TestCase):
def setUp(self):

... # Initialize

# ===== Data Persistence Verification =====
def test_borrow_page_functionality(self):

... # Navigate: dashboard -> catalog -> details -> borrow (4 steps)
with open('data/borrowings.txt', 'r') as f:

before_count = len(f.readlines ())
self.driver.find_element(By.ID , "confirm -borrow -button").click ()
with open('data/borrowings.txt', 'r') as f:

after_count = len(f.readlines ())
self.assertGreater(after_count , before_count)

# ===== Cross -File JOIN Verification =====
def test_my_borrows_page_functionality(self):

... # Navigate to my-borrows -page
with open('data/borrowings.txt', 'r') as f:

book_id = f.readline ().strip().split('|')[2] # FK: book_id
with open('data/books.txt', 'r') as f:

for book in f:
if book.startswith(f"{book_id }|"):

book_title = book.strip ().split('|')[1]
break

borrows_table = self.driver.find_element(By.ID , "borrows -table").text
self.assertIn(book_title , borrows_table)

# ===== Form Submission with Content Verification =====
def test_write_review_page_functionality(self):

... # Navigate: dashboard -> catalog -> details -> write -review (4 steps)
with open('data/reviews.txt', 'r') as f:

before_count = len(f.readlines ())
Select(self.driver.find_element(By.ID, "rating -input")).select_by_value("5")
self.driver.find_element(By.ID , "review -text").send_keys("Great book!")
self.driver.find_element(By.ID , "submit -review -button").click ()
with open('data/reviews.txt', 'r') as f:

after_count = len(f.readlines ())
self.assertGreater(after_count , before_count)
with open('data/reviews.txt', 'r') as f:

self.assertIn("Great book!", f.read())

def test_dashboard_page_functionality(self):
... # Verify username from users.txt displayed in welcome -message

def test_catalog_page_functionality(self):
... # Verify book title from books.txt displayed in book -grid

def test_book_details_page_functionality(self):
... # Verify title , author from books.txt match UI elements

def test_reservations_page_functionality(self):
... # Navigate back to dashboard and verify display

def test_reviews_page_functionality(self):
... # Verify reviews -section is displayed on book details

def test_profile_page_functionality(self):
... # Navigate back to dashboard and verify display

def test_payment_confirmation_page_functionality(self):
... # Verify fine amount from fines.txt displayed on payment page

Figure 6: Example automated test code from the web development benchmark: The test code verifies data persistence
through before-and-after file comparisons, cross-file JOIN operations that resolve foreign keys across relational data
files, and form submission with content verification.
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C.2 Tool Use
We use the GAIA benchmark (Mialon et al., 2024),
a suite of real-world question answering tasks that
demand multi-step reasoning and the coordinated
use of diverse external tools. Solving a GAIA task
requires a combination of web browsing, document
retrieval, spreadsheet processing, and multimodal
understanding over images or videos. Figure 7
shows an example task from the GAIA benchmark.

Example of GAIA

Solve the following question and answer.
Question
The attached file contains a list of vendors in the
Liminal Springs mall, along with each vendor's monthly
revenue and the rent they pay the mall. I want you to find
the vendor that makes the least money, relative to the
rent it pays. Then, tell me what is listed in the "type"
column for that vendor.

Attached file: {Attached_files}

Finish your answer with the following template:
Final answer: [Your final answer].
Your final answer should be a number OR
as few words as possible OR a comma separated
list of numbers and or strings.

Figure 7: Example task from the GAIA

C.3 Scientific Reasoning
We use the GPQA benchmark (Rein et al., 2023), a
collection of graduate-level multiple-choice ques-
tions in biology, chemistry, and physics, designed
to assess deep conceptual understanding and multi-
step reasoning. Among its difficulty levels, we
focus exclusively on GPQA-Diamond, the most
challenging subset, where even domain experts
struggle and precise logical inference is essen-
tial. Figure 8 illustrates an example task from the
GPQA-Diamond benchmark.

Example of GPQA-Diamond

Solve the following graduate-level science question
and select the correct answer from the given options.

Question
How many stereoisomers are there for the compound
6-chloro-9-ethyl-2-methylundeca-3,7-dien-5-ol?
A. 32
B. 16
C. 4
D. 8

Finish your answer with the following template:
FINAL ANSWER: [A/B/C/D]
Your final answer must be exactly one letter:
A, B, C, or D.

Figure 8: Example task from the GPQA-Diamond

D Experimental Details

This section details our setup for evaluating the
resilience of multi-agent systems, including system
uncertainty scenarios, metrics, and tools.

D.1 System Uncertainty Scenarios

In real-world deployments, multi-agent systems
are subject to diverse sources of system-level un-
certainty, including hardware failures, network dis-
ruptions, and imperfect agent behavior. To system-
atically assess resilience under such conditions, we
design a set of controlled chaos scenarios akin to
established chaos engineering practices (Netflix,
2012; Basiri et al., 2016). Chaos engineering delib-
erately injects controlled failures into systems to as-
sess recovery mechanisms and identify weaknesses
before they manifest in production environments.
Following this paradigm, we construct three chaos
scenarios—Agent Chaos, Prompt Chaos, I/O
Chaos—each simulating a distinct failure mode
commonly encountered in LLM-based multi-agent
systems. In addition, we define Compound Chaos
as a composite scenario in which all these chaos
types are simultaneously present. In our experi-
ments, we enforce that each run includes at least
one agent affected by the injected chaos, avoiding
trivial executions with no failures. Examples of
each chaos scenario are illustrated in Figure 9.
Agent Chaos simulates abrupt agent termination
resulting from hardware faults, network failures, or
process crashes. Inspired by Chaos Monkey (Net-
flix, 2012), which randomly terminates service in-
stances to evaluate system resilience, Agent Chaos
forcefully interrupts selected agents during task ex-
ecution. When an agent is targeted, its execution is
immediately halted, and no response is returned to
downstream agents. This allows subsequent agents
to continue execution while reflecting the degraded
system state. The termination ratio controls the
proportion of agents subject to termination. In our
experiments, we set the termination probability to
30%, i.e., each agent is independently terminated
with a probability of 30% during its execution cy-
cle. We further conduct a sensitivity analysis by
varying this ratio from 20% to 60% to quantify
performance degradation under increasing failure
severity, as shown in Table 2.
Prompt Chaos simulates degraded prompt quality
caused by orchestration errors, encoding faults, or
transmission noise. Before invoking the LLM, the
prompt is corrupted using one of three perturbation

32948



Figure 9: Illustration of system uncertainty scenarios

Figure 10: Illustration of adversarial attack scenarios

types: (1) Shuffle, which permutes words within the
prompt while preserving the word count per line;
(2) Deletion, which randomly removes 60% of the
words; and (3) Replacement, which substitutes 60%
of the words with random alphanumeric strings of
identical length. When an agent is selected to be
affected by prompt chaos, a perturbation type is
sampled uniformly at random and applied consis-
tently to all LLM calls issued by that agent. The
corruption ratio specifies the proportion of agents
subjected to prompt corruption. By default, we set
the corruption ratio to 20%.

I/O Chaos simulates corruption during inter-agent
communication, capturing failure modes such as
hallucinated artifacts produced by LLM agents or
message transmission errors. After an agent pro-
duces its artifacts, I/O Chaos corrupts the content
before it is consumed by subsequent agents, using
the same three perturbation types as Prompt Chaos.
By default, we set the corruption ratio to 20%.

Compound Chaos combines Agent Chaos, Prompt
Chaos, and I/O Chaos to simulate settings in which
multiple failure modes occur concurrently. For
each agent, the three chaos types are sampled inde-
pendently. This scenario induces cascading effects
across the workflow. For instance, an agent may
first operate under corrupted instructions due to
Prompt Chaos, and its outputs may be further cor-

rupted by I/O Chaos before being consumed by
subsequent agents. By default, we set the probabil-
ity of each chaos type to 20%.

D.2 Adversarial Attack Scenario
We construct adversarial attack scenarios (He et al.,
2025; Xie et al., 2025) to evaluate the resilience of
multi-agent systems against external attacks from
malicious agents. Specifically, we consider three
classes of adversarial attacks: role prompt attack,
task prompt attack, and output attack.
Role Prompt Attack occurs when a malicious
agent tampers with an agent’s role definition, in-
ducing role drift and disrupting coordination.
Task Prompt Attack occurs when a malicious
agent modifies task instructions so that the agent
produces plausible-looking outputs containing tar-
geted errors.
Output Attack occurs when a malicious agent
intercepts and alters generated artifacts of an agent
before they are consumed by subsequent agents.

Each agent is independently targeted with a prob-
ability of 20%, consistent with the prompt chaos
scenario setting. Examples of each adversarial at-
tack scenario are illustrated in Figure 10.

D.3 Noisy Tool Scenario
We further consider tool-side uncertainty (Wang
et al., 2026), where tool outputs become unreli-
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able after an agent invokes a tool. We define two
scenarios: execution failure and noisy response.
Execution Failure simulates failed tool execu-
tion by replacing the original response with This
Service is not available., indicating that the
service returned no valid output. This reflects cases
where the tool server is unavailable, the endpoint
is unreachable, or the backend raises an exception.
Noisy Response simulates corrupted tool observa-
tions by modifying the original tool response before
the agent observes it, using the same operators as
I/O Chaos: Shuffle, Deletion, and Replacement.

Each agent is independently designated as a
noisy-tool agent with a probability of 20%. For
such agents, all tool outputs are modified before
they are exposed to the agent, consistent with the
I/O Chaos scenario setting.

D.4 Cloud-Native Testbed
To verify MA-Mesh in real-world cloud-native
settings, we extend our chaos evaluation to
a Kubernetes-based deployment environment.
Specifically, we deploy each task-executing agent
as an isolated Kubernetes Pod in AIOpsLab (Chen
et al., 2025) and inject faults using the Chaos
Mesh platform (Chaos Mesh, 2021). Follow-
ing chaos engineering practice, we construct
three infrastructure-level chaos scenarios—Stress
Chaos, Disk I/O Chaos, and Network Chaos.
Stress Chaos emulates resource exhaustion in
Pods. When a Pod is selected, CPU and memory
pressure is injected during task execution, which
delays agent responses, triggers execution timeouts,
or causes failures. This scenario evaluates whether
the multi-agent system can maintain task continu-
ity when part of its agent population experiences
compute-resource degradation.
Disk I/O Chaos emulates storage-level failures in
the agent workspace. For selected Pods, we inject
file-system faults that disrupt read and write oper-
ations over intermediate artifacts. This scenario
captures failures in which an agent cannot reliably
access, persist, or transfer generated artifacts re-
quired by downstream agents.
Network Chaos emulates unreliable pod-level net-
work communication. For selected Pods, we intro-
duce packet loss on pod-to-pod communication and
outbound LLM API calls, degrading both message
and artifact transfer across agents and the relia-
bility of external LLM responses. This scenario
evaluates whether the system can tolerate commu-
nication failures that prevent agents from reliably

exchanging intermediate results.
Each Pod is independently selected with a proba-

bility of 20%, and we enforce that at least one Pod
is affected in every run.

D.5 Evaluation Metrics
Accuracy (Acc). To evaluate task completion per-
formance, we measure accuracy for each bench-
mark as follows:

• GUI Development & Web Development. We
define accuracy as the average fraction of passed
test cases per task:

Accuracy =
1

N

N∑

i=1

Pi

Ti
, (5)

where N is the total number of tasks, Ti is the
number of test cases for task i, and Pi is the
number of test cases passed for task i.

• GAIA & GPQA-Diamond. We define accuracy
as the fraction of correctly answered questions:

Accuracy =
C

N
, (6)

where N is the total number of questions and C
is the number of correct predictions.

Detection Recall (DR) and Detection F1 Score
(DF1). To evaluate resilience under chaos scenar-
ios, we evaluate how effectively a framework identi-
fies affected agents (Xie et al., 2025). We formulate
fault detection as a binary classification problem
over task-executing agents, where an agent is con-
sidered positive if it is affected by chaos and nega-
tive otherwise. Table 12 summarizes the confusion
matrix used to compute the detection metrics.

From this confusion matrix, we define detection
recall (DR), detection precision (DP), and detection
F1 score (DF1),

DR = TP/(TP + FN),

DP = TP/(TP + FP),

DF1 = 2 ·DP ·DR/(DP + DR).

(7)

Actual Detected

Affected Unaffected

Affected TP FN
Unaffected FP TN

Table 12: Confusion matrix for detection metrics
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DR measures the fraction of affected agents cor-
rectly identified, while DF1 balances missed de-
tections and false alarms via the harmonic mean
of precision and recall. In the main experiments
reported in Section 5.2, we present only DR due
to space limitations, and provide the full set of de-
tection metrics including both DR and DF1, in Ap-
pendix F.7. For methods without explicit resilience
mechanisms (e.g., CoT, MetaGPT, LLM-Debate,
AgentVerse, and EvoMAC in Table 1), we report
DR = DP = DF1 = 0.0.

D.6 Baseline Methods
The baselines in our experiments fall into four cat-
egories: [a] single-agent method (e.g., CoT), [b]
static multi-agent system (e.g., MetaGPT, RTADev,
LLM-Debate), [c] autonomous multi-agent system
(e.g., AgentVerse, EvoMAC), [d] resilient multi-
agent system (e.g., C+I). Below, we detail the im-
plementation of each baseline.
[a] CoT (Wei et al., 2022) is a single-agent base-
line without an explicit coordinator or inter-agent
communication, where the agent receives the task
prompt with an instruction to solve the task in a
structured step-by-step sequence.
[b] MetaGPT (Hong et al., 2024) is a static multi-
agent baseline that combines sequential and reflec-
tion coordination structures, following a software-
company SOP. Specifically, five agents with dis-
tinct roles participate in the collaboration–Product
Manager, Architect, Project Manager, Engineer,
and QA Engineer. We set the maximum total num-
ber of agent calls per task to 15 and use the prompt
templates from the original implementation.
[b] RTADev (Liu et al., 2025) combines sequen-
tial, refinement, and debate coordination structures.
Fixed agents–Product Manager, Architect, Project
Manager, Programmer, and Code Tester–progress
five key stages of software development: require-
ment analysis, architecture design, planning, pro-
gramming, and testing. To keep downstream arti-
facts aligned with upstream intent, the Reviewer
agent performs an alignment check on the artifacts
produced at each key stage. When a misalignment
is suspected, it triggers a debate among the previ-
ously active agents to prompt refinement. We cap
the alignment-check iterations per key stage to 3.
[b] LLM-Debate (Du et al., 2024) employs a
debate coordination structure, where two Solver
agents and one Judge agent participate. The Solver
agents first solve the task in parallel, then enter
debate rounds in which each receives the other’s

response, critiques it, and refines its own answer.
After the debate, the Judge agent reviews the Solver
agents’ responses and returns the final answer. We
cap the number of debate rounds at 2.
[c] AgentVerse (Chen et al., 2024b) is an au-
tonomous multi-agent baseline with a dynamic
expert-recruitment mechanism. It organizes prob-
lem solving into 4 stages. In the Expert Recruit-
ment stage, a recruiter agent selects task-specific
expert roles based on the current task. In the Col-
laborative Decision-Making stage, the recruited
experts discuss the task to determine a solution. In
the Action Execution stage, the selected agents ex-
ecute the agreed solution. In the Evaluation stage,
an evaluator assesses the outcome and provides
feedback on whether to proceed with further re-
cruitment. If the task remains unsolved, the work-
flow returns to Expert Recruitment with refined
agent roles; otherwise, it terminates. Following
the original implementation, we set the number of
recruited experts per benchmark: 4 for software
development and 2 each for tool use and scientific
reasoning. We cap the recruiting rounds at 2.
[c] EvoMAC (Hu et al., 2025b) adopts a self-
evolving multi-agent collaboration (MAC) network
specifically tailored for software development. The
network updates its coordination structure via tex-
tual backpropagation, converting unit-test execu-
tion results into textual gradients to refine agent
prompts and workflows. It comprises three teams.
The Coding team decomposes the task into sub-
tasks and builds a coding MAC network where
Programmer agents generate code for each sub-
task. The Testing team analogously builds a testing
MAC network that generates unit tests. Then, a
compiler executes the code and tests to produce
execution logs. In the Updating team, a Gradient
agent inspects these logs to identify completed, er-
roneous, and missing sub-tasks, and an Updating
agent revises the network accordingly. Following
the original implementation, we cap the coding
MAC network iteration at 2.
[d] C+I (Huang et al., 2025) is a resilient multi-
agent baseline that augments an existing multi-
agent system with correction mechanisms, intro-
ducing a Challenger and an Inspector to improve
robustness against faulty agents. The Challenger
is a mechanism attached to each agent: before
performing its own task, the agent challenges
other agents’ outputs and requests rewriting or re-
execution when they are judged unsafe. The In-
spector is a separate agent that intercepts messages
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Category Tools Implementation Details

Web Search web_search
search_wiki
search_wiki_revisions
search_archived_webpage

API-based search services

Browser Simulation browse_url Playwright-based browsing

Document Processing extract_document_content
extract_excel_content

Document parsing libraries
e.g., PyMuPDF, python-docx, openpyxl

Multimodal Analysis ask_question_about_image
ask_question_about_audio
ask_question_about_video

GPT-4.1-mini (image/video)
GPT-4.1-mini + Whisper-1 (audio)

Code Execution execute_python_code
validate_python_file

Python subprocess executor

File I/O write_text_file Standard file system operations

Table 13: Implementation details of tools used for GAIA benchmark

exchanged among agents, checks for errors or un-
safe behaviors using the conversation history, and
rewrites them when correction is needed. Follow-
ing the original implementation, we apply both
mechanisms on top of MetaGPT for software de-
velopment and LLM-Debate for the others, and cap
the Challenger and Inspector rounds at 2 per agent.

D.7 Tool Design

To evaluate tool use on the GAIA benchmark, we
define a set of tools supporting code execution, web
search, document parsing, and multimodal analy-
sis, following prior tool-augmented agent frame-
works (Hu et al., 2025a; Li et al., 2023). Each
agent is assigned an available subset of tools ac-
cording to its role, as specified in the agent profile.
Table 13 summarizes the tool categories and their
corresponding implementation details.

E Implementation Details of MA-Mesh

In this section, we present implementation details
of the MA-Mesh framework, including the gener-
ation of the resilience-aware system specification,
the synthesis of executable multi-agent policy code,
and the pseudocode for the core resilience mecha-
nisms. For both the baselines and MA-Mesh, we
use gpt-4.1-mini-0414 (OpenAI, 2025) via the
API, with temperature set to 0.0.

E.1 Resilience-Aware System Specification

To construct the resilience-aware system speci-
fication, we employ an LLM orchestrator ϕLLM
that transforms a given task T into a structured
resilience-aware system specification. The detailed

prompt used to generate the resilience-aware sys-
tem specification is provided in Appendix G.
Task Decomposition. Given a task T , the orches-
trator decomposes it into a set of sub-tasks. For
each sub-task, it jointly determines the following
components: (i) coordination structure, (ii) agent
configuration, (iii) cross-agent reflection.
Coordination Structure. Building on prior works
in multi-agent systems (Wu et al., 2024; Kim et al.,
2025b), we adapt four common collaboration pat-
terns. For each sub-task, the LLM orchestrator
selects an appropriate structure.

• Sequential: A linear execution pattern in which
the output of each agent is passed as input to
the subsequent agent. This structure is suitable
for tasks that require ordered processing with
explicit inter-step dependencies.

• Parallel & Merge: Multiple agents execute their
assigned roles concurrently, followed by a merger
agent that aggregates their outputs. This struc-
ture enables efficient parallel execution and the
synthesis of complementary results.

• Refine: An iterative collaboration pattern where
a generator agent produces an initial output and a
critic agent provides feedback to iteratively refine
it until the quality criteria are satisfied. This
structure is effective for tasks requiring iterative
improvement and high-quality outputs.

• Debate: Multiple agents independently gener-
ate candidate solutions in parallel, review one
another’s outputs, and iteratively refine their re-
sponses. A designated decision-maker then syn-
thesizes the final result. This structure is particu-
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larly effective for tasks that benefit from diverse
reasoning strategies and cross-validation.

Figure 11 illustrates each coordination structure.
While these four coordination structures serve as
default templates, the orchestrator prompt is de-
signed to retain flexibility, allowing the orchestra-
tor to compose coordination structures by combin-
ing existing templates when required by sub-task-
specific characteristics.

Figure 11: Coordination structures

Agent Profile. Following task decomposition and
coordination structure assignment, the LLM orches-
trator defines each agent’s role by specifying its
responsibilities, permitted tools, input sources and
modalities, as well as the expected output artifacts
and formats. Moreover, a detailed role-specific
prompt is generated for each agent through sepa-
rate calls to the LLM orchestrator.
Resilient proxy: cross-agent reflection. The or-
chestrator generates cross-agent reflection policies,
each comprising three components: (i) a reflection
source, namely a resilient proxy that performs the
evaluation on behalf of its associated agent, (ii) a
reflection target (agent), whose output is subject to
evaluation, and (iii) reflection criteria, which define
the evaluation standards from the perspective of the
reflecting agent’s role. The cross-agent reflection
enables role-aware evaluation, whereby resilient
proxies assess peer agents’ outputs according to the
functional requirements and expectations of their
associated roles. For example, in a web develop-
ment task, when an Architect agent produces a de-
sign document, the resilient proxy associated with
a Backend Developer evaluates the document for
backend completeness (e.g., API routes and data
schemas), while the resilient proxy associated with
a Frontend Developer evaluates the same output
for frontend completeness (e.g., HTML templates
and element identifiers). By aligning reflection

Algorithm 2 Procedure of Cross-Agent Reflection
1: Input: Proxy P , Request x, Response y
2: Output: Feedback f
3: /* retrieve reflection sources (peer resilient proxies) for

assessing the agent associated with P */

4: S ← get_reflection_source_list(P )
5: f ← None
6: if S ̸= ∅ then
7: /* cross-agent reflection: aggregate feedback from

multiple reflection sources */

8: for each Ps ∈ S do
9: f ′ ← generate_review(Ps, x, y)

10: f ← concat(f, f ′)
11: end for
12: else
13: /* self-reflection: fall back to P as reviewer */

14: f ← generate_review(P, x, y)
15: end if
16: return f

Algorithm 3 Procedure of Role-based Failover
1: Input: Proxy P
2: Output: Agent A
3: /* Reconfigure agent through meta-agent */

4: A← reconfigure_agent(P )
5: return A

criteria with actual inter-agent dependencies, this
role-aware reflection enables precise detection of
errors and inconsistencies before they propagate
through the multi-agent workflow.

E.2 Multi-Agent Policy Code Synthesis
To translate the resilience-aware system specifi-
cation into executable code, we implement an
AutoGen-based interface that supports both stan-
dard agent actions and the resilient proxy’s mecha-
nisms (i.e., cross-agent reflection and role-based
failover). Specifically, we define a set of API func-
tions that are composed by the synthesized policy
code:

• cross_agent_reflection(proxy, request, response)
– peer agents’ resilient proxies evaluate the
agent’s output against predefined criteria and re-
turn feedback for potential revision.

• role_based_failover(proxy) – the meta-agent re-
places the agent associated with the given proxy
upon degradation or timeout. Only the original
inputs are transferred, while prior state is reset to
prevent error propagation.
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Prompt Token Completion Token API Cost($) Wall-clock Time (min)

Method Agent Resilient Total Agent Resilient Total Agent Resilient Total Agent Resilient Total

RTADev 204,897 – 204,897 61,314 – 61,314 0.180 – 0.180 16.26 – 16.26
C+I 47,264 344,844 392,108 18,930 10,715 29,645 0.049 0.155 0.204 5.12 3.14 8.26
MA-Mesh 167,271 125,210 292,481 29,714 3,144 32,858 0.114 0.055 0.170 3.76 0.77 4.53

Table 14: Detailed inference cost analysis

Resilient Proxy LLM Performance API Cost ($) Wall-clock Time (min)

Acc (%) DR Agent Resilient Total Agent Resilient Total

gpt-4.1-mini 65.30 0.84 0.139 0.047 0.186 9.71 0.75 10.46
o4-mini 71.64 0.91 0.258 0.360 0.618 14.93 4.93 19.87
gemini-3-flash 69.50 0.71 0.273 0.097 0.370 11.18 1.36 12.53
gpt-5.4 75.27 1.00 0.416 1.200 1.616 19.60 2.82 22.42

Table 15: Trade-offs across resilient proxy LLMs

• build_agent_with_resilient_proxy(agent_config,
proxy_spec) – this constructs a runnable agent
instance augmented with its associated resilient
proxy.

• execute(instance, messages) – this executes the
instantiated multi-agent system on the input mes-
sages and returns the final outputs.

Given the resilience-aware system specifica-
tion, the LLM orchestrator configures each agent
with the appropriate parameters and generates exe-
cutable Python code that instantiates agents along
with their corresponding resilient proxies. The syn-
thesized code composes the predefined APIs to re-
alize the assigned coordination structure while en-
forcing resilience mechanisms at runtime without
loss of task execution continuity. The procedures
for cross-agent reflection and role-based failover
are listed in Algorithm 2 and Algorithm 3, respec-
tively. Moreover, the detailed prompts used for
code synthesis are provided in Appendix G.

F Additional Experiments

F.1 Cost Analysis
Detailed Inference Cost Analysis. Table 14 com-
plements Table 6 in the main manuscript by de-
composing inference cost into prompt and com-
pletion token usage. As shown, for the resilient
part, MA-Mesh uses fewer prompt and comple-
tion tokens than C+I, which employs a correction
mechanism. Moreover, the total number of comple-
tion tokens in MA-Mesh remains lower than that of
RTADev. Consistent with these trends, the API cost
of MA-Mesh does not increase substantially when
resilience mechanisms are enabled; instead, it re-
mains lower than C+I and comparable to RTADev.

Trade-offs across LLMs for Resilient Proxy. Ta-
ble 15 compares four resilient proxy LLMs on
GUI Dev. under Prompt Chaos in terms of re-
silience, cost, and latency, with task agents fixed to
gpt-4.1-mini. gpt-5.4 improves accuracy and
detection recall at the highest cost and latency,
while o4-mini and gemini-3-flash provide in-
termediate options. These results show that the
proxy LLM can be selected according to the de-
sired balance between resilience, cost, and latency.

F.2 Coordination Structure Analysis

Distribution of Coordination Structures. As de-
scribed in Section 4.2, the LLM orchestrator dy-
namically selects among four coordination struc-
tures based on the goal of the sub-task. Figure 12
illustrates the distribution of coordination struc-
tures selected across four benchmarks. For GUI
and web development benchmarks, MA-Mesh flex-
ibly combines Sequential, Refine, and Parallel &
Merge patterns. This reflects the nature of these
tasks, where multiple UI components or function-
alities can be implemented in parallel, while their
dependencies, integration, and correctness are val-
idated through sequential execution and iterative
refinement. For GAIA benchmark, MA-Mesh ex-
hibits a higher reliance on Parallel & Merge pat-
tern, because its tasks are inherently amenable to
parallel execution using multiple tools and inde-
pendently solvable sub-tasks. For GPQA-Diamond
benchmark, MA-Mesh mainly leverages Debate
pattern, as scientific reasoning often requires anal-
ysis and verification from multiple perspectives
through structured discussion. MA-Mesh also com-
plements Debate with Parallel & Merge, as multi-
domain questions can be solved independently.
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Figure 12: Distribution of coordination structures

Cross-task Differences. For analyzing the re-
lationship among tasks, coordination structures,
and performance, we measure MA-Mesh’s rela-
tive accuracy decrease from Vanilla across the four
chaos scenarios. As shown in Table 16, Parallel &
Merge-dominant GAIA exhibits the largest aver-
age decrease, since a single affected agent can di-
rectly corrupt the merged output. Debate-dominant
GPQA-Diamond exhibits the smallest average de-
crease, since independently reasoning agents can
compensate for one another’s failure.

Benchmark Dominant Structure
Relative

Acc. Drop (%)

GUI Dev. Sequential (49.3%) 10.39
Web Dev. Sequential (42.6%) 11.62
GAIA Parallel & Merge (63.5%) 16.06
GPQA-Diamond Debate (44.8%) 8.80

Table 16: Cross-task resilience by coordination structure

Controlled Structure Comparison. To isolate
the structure’s effect from task-specific factors, we
force Debate on Web Dev., which is normally dom-
inated by Sequential, and force Parallel & Merge
on GPQA-Diamond, which is normally dominated
by Debate. As shown in Table 17, both forced non-
dominant structures underperform in both Vanilla
and Compound Chaos, indicating the importance
of task-appropriate structure selection. Neverthe-
less, Debate exhibits a smaller accuracy decrease
under Compound Chaos on both tasks. These re-
sults demonstrate that performance under system
uncertainty reflects both task fit and the intrinsic
resilience of the selected coordination structure.

Benchmark Coordination Setting Vanilla Compound Chaos

Acc (%) Acc (%) DR

Web Dev. Debate + MA-Mesh 49.68 44.45 0.97
MA-Mesh 59.68 49.76 0.91

GPQA
Diamond

Parallel & Merge + MA-Mesh 66.67 57.58 0.95
MA-Mesh 67.68 61.45 0.96

Table 17: Controlled comparison across structures

F.3 Comparison with Retry-upon-failure
To compare with a naive baseline under Agent
Chaos, we evaluate retry-upon-failure, which re-
executes the terminated agent. Since its original
role remains valid, retry recovers substantial per-
formance. To isolate the benefit of role diagno-
sis and refinement, we additionally evaluate DoS
prompt injection, which induces repetitive genera-
tion and eventually triggers a timeout that persists
under simple re-execution. Table 18 shows that
MA-Mesh substantially outperforms retry, demon-
strating its benefit when failures originate from the
role or prompt rather than agent availability.

Recovery Method Agent Chaos DoS Prompt Injection

Web Dev. Retry-upon-failure 46.00 13.36
MA-Mesh 53.98 57.51

GUI Dev. Retry-upon-failure 67.95 43.88
MA-Mesh 71.05 66.65

Table 18: Accuracy comparison with retry-upon-failure

F.4 Extended Ablation Study
To examine whether each component remains ef-
fective across uncertainty types and tasks, Table 19
reports additional ablation results across all four
chaos scenarios on Web Dev. and GPQA-Diamond
that complement Table 7 in the main manuscript.
As shown in Table 19, all ablated variants exhibit
degraded performance across both benchmarks.
This demonstrates that each resilience component
consistently contributes across uncertainty types
and tasks. The degradation is larger on Web Dev.
than on GPQA-Diamond because Web Dev. in-
volves a multi-step pipeline of interdependent arti-
facts, whereas the Debate structure predominantly
selected for GPQA-Diamond provides compara-
tively independent reasoning paths that are less
prone to cascading failure.

F.5 Sensitivity Analysis
Tables 20, 21, and 22 report the sensitivity anal-
ysis of MA-Mesh on the Web Dev. benchmark
under the Compound Chaos setting. We vary three
threshold parameters used in resilient proxies:
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Vanilla Agent Chaos Prompt Chaos I/O Chaos Compound Chaos

Benchmark Method Acc (%) Acc (%) DR Acc (%) DR Acc (%) DR Acc (%) DR

Web Dev.

MA-Mesh 59.68 53.98 1.00 53.11 0.94 54.12 0.75 49.76 0.91
– Cross-agent Reflection 49.89 52.27 1.00 3.13 0.00 9.75 0.00 17.57 0.57
– Role-based Failover 52.50 3.50 1.00 14.79 0.93 7.00 0.95 4.13 0.35
– Resilient Proxy 46.06 0.00 0.00 1.61 0.00 8.89 0.00 0.00 0.00

GPQA-Diamond

MA-Mesh 67.68 61.87 1.00 62.46 0.81 61.11 0.98 61.45 0.96
– Cross-agent Reflection 60.61 59.09 1.00 47.98 0.00 45.45 0.00 52.02 0.66
– Role-based Failover 61.62 53.03 1.00 53.03 0.77 44.44 0.88 46.46 0.34
– Resilient Proxy 58.59 50.00 0.00 49.49 0.00 42.93 0.00 43.94 0.00

Table 19: Extended ablation on resilient proxy in MA-Mesh

• Timeout threshold: The maximum waiting
time before a resilient proxy triggers role-based
failover when an agent does not return a response.

• Max reflection attempts: The maximum num-
ber of cross-agent reflection rounds before trig-
gering role-based failover.

• Max retry: The maximum number of role-based
failover attempts for replacing or reconfiguring
an affected agent.

For the timeout threshold, accuracy increases sub-
stantially from 43.66% to 52.72% when the thresh-
old grows from 100 to 200 seconds, while further
increasing it to 300 seconds does not provide ad-
ditional improvement. This suggests that 200 sec-
onds is sufficient for most agent executions in the
Web Dev. benchmark.

Timeout threshold (s) Acc (%) DR

100 43.66 0.97
200 52.72 0.97
300 50.38 0.99

Table 20: Sensitivity analysis of timeout threshold

For max reflection attempts, MA-Mesh achieves
the best accuracy with 2 reflection rounds. Increas-
ing the number of rounds to 3 slightly reduces accu-
racy and increases cost, suggesting that excessive
reflection may introduce redundant feedback into
the context window.

Max reflection attempts Acc (%) Cost ($)

1 43.50 0.103
2 47.92 0.142
3 46.52 0.177

Table 21: Sensitivity analysis of max reflection attempts

For max retry, increasing the threshold from 1
to 2 yields only a marginal accuracy gain while

substantially increasing cost. This indicates that
most failures are already handled by cross-agent
reflection or recovered within the first role-based
failover attempt, consistent with the nested proce-
dure in Algorithm 1.

Max retry Acc (%) Cost ($)

1 49.76 0.105
2 50.65 0.176

Table 22: Sensitivity analysis of max retry

F.6 Case Study

Figure 13 qualitatively illustrates the behavior of
the resilient proxy in MA-Mesh. The upper part
of the figure shows a case of cross-agent reflec-
tion, where the architect agent’s proxy evaluates
the developer agent’s implementation against the
architectural perspective. The proxy detects an in-
correct implementation of the clear_inputs function
that inadvertently removes the listbox and provides
feedback, enabling the developer agent to correct
the error. The lower part of the figure shows role-
based failover. Here, partial corruption of the ar-
chitect’s role prompt leads to an incorrect system
design that overlooks the input format. Upon trig-
gering failover, the role prompt is reconstructed
with explicit constraints on data formats and re-
quired fields, allowing the architect agent to resume
correct behavior.

F.7 Detailed Main Experiment Results

Tables 23, 24, 25, and 26 report additional experi-
ment results that could not be included in Table 1
of the main manuscript due to space constraints. In
particular, we present the full set of detection per-
formance metrics, including detection recall (DR)
and detection F1 score (DF1), across all bench-
marks. As shown, MA-Mesh consistently achieves
the highest DF1 for all cases, indicating its superi-
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Figure 13: Examples of resilient proxy behavior in MA-Mesh

ority in accurately identifying affected agents under
diverse system uncertainty scenarios.

G Prompts used in MA-Mesh

In this section, we provide the prompts used by the
LLM orchestrator in MA-Mesh for constructing re-
silient multi-agent systems. Specifically, Figure 14
shows the prompt for generating the resilience-
aware system specification, Figure 15 shows the
prompt for generating role-specific agent prompts,
and Figure 16 shows the prompt for synthesizing
executable multi-agent policy code.

H Scientific Artifacts

The License for artifacts. We use all datasets,
frameworks, and tools in accordance with their re-
spective licenses, including AutoGen (Wu et al.,
2024), the GAIA (Mialon et al., 2024) and GPQA-
Diamond (Rein et al., 2023) benchmarks, AIOp-
sLab (Chen et al., 2025), and Chaos Mesh (Chaos
Mesh, 2021). We do not redistribute any third-party
artifacts, and our source code and the benchmark
we construct will be released under an open-source
license for reproducibility.
Artifact use consistency with intended use. We
use all artifacts in line with their intended pur-
pose, employing the benchmarks for evaluating
multi-agent task performance and resilience, and
the chaos-engineering tools for injecting controlled
system uncertainty. Our newly constructed soft-
ware development benchmark, extended from FSD-
Bench (Liu et al., 2025) and rSDE-Bench (Hu et al.,
2025b), is intended solely for research.
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GUI Dev. Vanilla Agent Chaos Prompt Chaos I/O Chaos Compound Chaos

Method Acc (%) Acc (%) DR DF1 Acc (%) DR DF1 Acc (%) DR DF1 Acc (%) DR DF1

CoT 66.02±2.53 0.00±0.00 0.00±0.00 0.00±0.00 25.03±5.87 0.00±0.00 0.00±0.00 0.00±0.00 0.00±0.00 0.00±0.00 3.96±4.40 0.00±0.00 0.00±0.00

RTADev 66.30±1.60 21.87±8.35 0.61±0.15 0.51±0.09 39.64±3.27 0.42±0.14 0.42±0.12 33.90±13.38 0.19±0.17 0.28±0.06 14.99±8.29 0.43±0.09 0.47±0.07

MetaGPT 70.51±4.22 7.39±6.10 0.00±0.00 0.00±0.00 21.62±5.12 0.00±0.00 0.00±0.00 22.63±11.46 0.00±0.00 0.00±0.00 0.00±0.00 0.00±0.00 0.00±0.00

C+I 68.05±2.46 4.46±4.47 0.24±0.03 0.28±0.08 19.30±6.23 0.29±0.04 0.22±0.04 47.37±4.24 0.86±0.03 0.60±0.04 1.59±2.75 0.30±0.03 0.39±0.06

AgentVerse 66.53±6.59 32.87±6.03 0.00±0.00 0.00±0.00 44.61±8.08 0.00±0.00 0.00±0.00 37.89±12.94 0.00±0.00 0.00±0.00 26.36±6.13 0.00±0.00 0.00±0.00

EvoMAC 72.79±1.96 48.01±11.28 0.00±0.00 0.00±0.00 52.15±8.34 0.00±0.00 0.00±0.00 63.65±7.45 0.00±0.00 0.00±0.00 24.38±11.92 0.00±0.00 0.00±0.00

MA-Mesh 75.29±4.34 71.05±1.64 1.00±0.00 0.94±0.04 65.30±5.48 0.84±0.08 0.75±0.06 67.87±5.07 0.82±0.07 0.73±0.09 65.66±5.69 0.90±0.05 0.92±0.03

Table 23: Detailed performance on GUI development benchmark

Web Dev. Vanilla Agent Chaos Prompt Chaos I/O Chaos Compound Chaos

Method Acc (%) Acc (%) DR DF1 Acc (%) DR DF1 Acc (%) DR DF1 Acc (%) DR DF1

CoT 45.73±3.02 0.00±0.00 0.00±0.00 0.00±0.00 0.60±1.04 0.00±0.00 0.00±0.00 0.00±0.00 0.00±0.00 0.00±0.00 0.19±0.32 0.00±0.00 0.00±0.00

RTADev 40.17±6.78 12.68±4.60 0.44±0.17 0.42±0.16 8.85±0.53 0.46±0.02 0.41±0.04 16.74±4.50 0.20±0.11 0.18±0.11 2.68±4.12 0.36±0.06 0.41±0.03

MetaGPT 42.09±7.03 4.81±2.77 0.00±0.00 0.00±0.00 6.30±5.03 0.00±0.00 0.00±0.00 11.91±3.30 0.00±0.00 0.00±0.00 0.41±0.35 0.00±0.00 0.00±0.00

C+I 45.25±3.67 5.72±2.81 0.10±0.14 0.12±0.18 12.47±9.17 0.31±0.07 0.21±0.04 14.03±0.39 0.75±0.10 0.57±0.10 0.00±0.00 0.25±0.04 0.35±0.06

AgentVerse 52.01±2.06 11.95±6.38 0.00±0.00 0.00±0.00 21.55±8.06 0.00±0.00 0.00±0.00 12.50±1.38 0.00±0.00 0.00±0.00 18.38±3.77 0.00±0.00 0.00±0.00

EvoMAC 41.33±4.47 20.45±4.72 0.00±0.00 0.00±0.00 24.29±2.56 0.00±0.00 0.00±0.00 14.72±7.17 0.00±0.00 0.00±0.00 5.80±5.10 0.00±0.00 0.00±0.00

MA-Mesh 59.68±1.84 53.98±1.55 1.00±0.00 0.93±0.03 53.11±1.82 0.94±0.04 0.90±0.09 54.12±1.58 0.75±0.13 0.68±0.15 49.76±0.32 0.91±0.02 0.90±0.03

Table 24: Detailed performance on web development benchmark

GAIA Vanilla Agent Chaos Prompt Chaos I/O Chaos Compound Chaos

Method Acc (%) Acc (%) DR DF1 Acc (%) DR DF1 Acc (%) DR DF1 Acc (%) DR DF1

CoT 28.61±3.57 0.00±0.00 0.00±0.00 0.00±0.00 1.01±0.35 0.00±0.00 0.00±0.00 4.85±1.60 0.00±0.00 0.00±0.00 0.61±0.61 0.00±0.00 0.00±0.00

LLM-Debate 32.32±1.85 13.13±2.45 0.00±0.00 0.00±0.00 19.39±2.10 0.00±0.00 0.00±0.00 15.96±3.45 0.00±0.00 0.00±0.00 5.25±0.93 0.00±0.00 0.00±0.00

C+I 30.10±0.92 14.75±3.11 0.53±0.06 0.39±0.05 20.81±1.95 0.62±0.04 0.45±0.06 17.58±5.97 0.99±0.00 0.51±0.07 3.70±1.91 0.72±0.09 0.75±0.09

AgentVerse 24.31±2.38 13.18±1.45 0.00±0.00 0.00±0.00 7.07±1.75 0.00±0.00 0.00±0.00 11.31±5.44 0.00±0.00 0.00±0.00 7.68±6.48 0.00±0.00 0.00±0.00

MA-Mesh 32.73±1.60 29.90±4.94 1.00±0.00 0.74±0.04 26.46±3.55 0.83±0.02 0.59±0.02 29.09±0.61 0.92±0.01 0.63±0.02 24.44±4.59 0.94±0.01 0.86±0.03

Table 25: Detailed performance on GAIA benchmark

GPQA-Diamond Vanilla Agent Chaos Prompt Chaos I/O Chaos Compound Chaos

Method Acc (%) Acc (%) DR DF1 Acc (%) DR DF1 Acc (%) DR DF1 Acc (%) DR DF1

CoT 64.14±1.01 0.00±0.00 0.00±0.00 0.00±0.00 27.94±0.58 0.00±0.00 0.00±0.00 30.97±2.10 0.00±0.00 0.00±0.00 20.04±1.54 0.00±0.00 0.00±0.00

LLM-Debate 66.50±1.27 26.77±7.02 0.00±0.00 0.00±0.00 35.52±7.65 0.00±0.00 0.00±0.00 41.41±4.01 0.00±0.00 0.00±0.00 15.32±3.44 0.00±0.00 0.00±0.00

C+I 65.15±1.33 35.35±3.81 0.66±0.09 0.58±0.07 52.36±2.04 0.52±0.02 0.40±0.07 51.67±4.22 0.96±0.03 0.69±0.03 16.33±2.49 0.66±0.22 0.67±0.25

AgentVerse 62.46±2.59 28.62±2.96 0.00±0.00 0.00±0.00 31.14±3.04 0.00±0.00 0.00±0.00 27.95±11.21 0.00±0.00 0.00±0.00 22.90±6.11 0.00±0.00 0.00±0.00

MA-Mesh 67.68±2.20 61.87±1.07 1.00±0.00 0.94±0.03 62.46±3.79 0.81±0.02 0.71±0.03 61.11±2.53 0.98±0.01 0.87±0.03 61.45±3.04 0.96±0.01 0.95±0.00

Table 26: Detailed performance on GPQA-Diamond benchmark
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Prompt for Resilience-Aware System Specification

You are an LLM orchestrator for generating a resilience-aware system specification.
Your task is to derive a structured specification for a resilient multi-agent system from a given task.
Your deliverable is the resilience-aware system specification, consisting of collaboration logic and cross-agent reflection.

You must follow this procedure systematically.
Step 1: Task Understanding & Complexity Assessment
1.1. Goal Analysis
- Extract the core objective
- Identify the primary deliverable (function implementation, analysis report, etc.)
1.2. Domain-Driven SOP Selection
- CodeGeneration Domain: Architecture -> Implementation
- Question Answering Domain: Data Extraction -> Answer Generation
- Custom Domain: Adapt based on domain characteristics
1.3. Complexity Assessment
- Low: Simple function, basic logic, minimal constraints -> SOP-LITE: 1-2 phases
- Medium: Multiple components, moderate constraints, some edge cases -> SOP-STANDARD: 2-4 phases
- High: Complex algorithms, extensive constraints, validation requirements -> SOP-FULL: 2-6 phases
1.4. Workload Assessment & Agent Team Sizing
When to Divide Work:
When a single LLM agent would have difficulty executing their responsibility due to excessive scope, divide the workload

among multiple specialized agents using the Parallel & Merge pattern.
Evaluation Considerations:
- Volume: Many distinct outputs or artifacts to produce
- Diversity: Multiple unrelated functional areas or reasoning stages
- Complexity: Multi-tier systems or interdependent workflows
Division Strategy:
- Split by functional domain or problem-solving stage
- Use descriptive agent names reflecting their specialty
- Require a shared specification artifact from a preceding phase to ensure consistency

Step 2: Strategic Sub-task Decomposition
Based on Domain and Complexity, decompose user task into logical phases.
2.1 Phase Identification: Break user_task into 1-6 sub-goals where:
- Each sub-goal directly contributes to the main Goal
- Sub-goals form a logical dependency chain
- Each phase transforms concrete artifacts
- Guarantee: When all sub-goals are completed, the user task is fully achieved (no gaps or redundant steps)

2.2. Phase Consolidation Rules
- Agent Reuse Check: If the same agents appear in consecutive phases doing related work
, consolidate them into a single phase with appropriate collaboration pattern
- CRITICAL: Never put the same agent_name in multiple phases' agent_profiles lists
- Avoid Unnecessary Separation: Only create separate phases when different agent teams or fundamentally different objectives
are involved

Step 3: Agent Team Design & Coordination Structure Selection
For each sub_task, design the exact workflow function with required parameters: {...}

3.1. sub_task
- A concise string describing the sub-task objective and its expected deliverables.

3.2. coordination_structure (per sub_task)
Choose from available patterns or create new combinations:
Available Coordination Structures: {...}

3.3. agent_profiles
For each agent profile, specify the required fields:
agent_name: Clear, role-revealing name
responsibility: Specific responsibility the agent must complete.
Role Design Principles:
- Define roles in terms of the sub_task-specific objective, not task-specific details
- Focus on the type of work rather than specific application names or features
- Include technical constraints that apply across similar tasks
tools: You must select from the following list of {Available_tools}
input_artifacts: A list of data artifacts this agent requires to start its work.
Each artifact is a dictionary with the following keys:
- type: The type of data: "user", "text_file", "others_file" (binary/non-text files)
- name: The name of the file or a description of the string data.
- source: The name of the agent that produced this artifact.
output_artifacts: Each artifact is a dictionary with the following keys:
- type: The type of data: "text_file", "others_file".
- name: The name of the file to be created or a description of the string data to be returned.

3.4. cross_agent_reflection
Specify the resilient proxy specifications for cross-agent reflection:
- reflection_source: The resilient proxy associated with the reviewing agent.
- reflection_targets: The agent(s) whose output is evaluated.
- reflection_criteria: Role-aware criteria used to evaluate the target agent's output.

Refer to the examples below:
{Examples}

Figure 14: Prompt for generating the resilience-aware system specification
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Prompt for Agent Role-Specific Prompt Generation

You are an LLM orchestrator for generating role-specific agent prompts.
Your task is to transform a subtask-level system specification into concise,
structured role-specific prompts that each agent can execute immediately.
Your deliverable is the role-specific agent prompts, consisting of agent responsibilities, goals,
task details, tool usage instructions, artifact requirements, and consistency rules.

You must follow this procedure systematically.

Step 1: Ingest the sub_task Specification Block
Receive the overall task as a string and the complete code block defining the sub_task as input.

Step 2: Perform Transformations for Each Agent
For each agent dictionary in the agent_profiles list, perform the following transformations:
'responsibility' to 'prompt' Transformation:

Replace the responsibility field with a prompt field.
The value of this new field must be a markdown string following a concise,
structured format with essential guidance.

- responsibility: Use domain/technology expertise
- Goal: State generic objectives applicable to the task class with concrete deliverables
- Instructions: Provide concise procedural guidance with 2-4 steps, each containing essential bullets only

Template Structure:
The prompt begins directly with the agent's responsibility description,
stating their professional identity and domain/technology expertise.

Following the responsibility, state a clear goal describing what the agent must accomplish with concrete deliverables.
The Task Details section provides 3-5 bullet points that specify:
- Which input artifacts to read
- What output artifacts to create and their key components
- Scope boundaries defining what the agent should focus on

The main body consists of 2-4 categorized sections with bold headers.

Each section contains specific requirements, format specifications,
or step-by-step implementation guidelines relevant to the agent's task.

If the agent participates in multi-agent collaboration, include consistency rules that ensure
data integrity across agents such as naming conventions, field matching requirements, and references to the source of truth.

End with Requirements that explicitly state:
- Tool usage instructions
- Format and naming constraints
- Focus areas and boundaries
- For refine agents: feedback markers ("[APPROVED]" or "NEED_MODIFY") to write

When generating the "Task Details" section of agent prompts,
you must reference the specific tools assigned to each agent and provide concrete usage guidance based on their capabilities.
{Available_tools}

Refer to the examples below:
{Examples}

Figure 15: Prompt for generating role-specific agent prompts from a subtask level system specification

32960



Prompt for Multi-Agent Policy Code Synthesis

You are an LLM orchestrator for multi-agent policy code synthesis,
responsible for transforming a resilience-aware system specification into executable Python code.

Your task is to read the given def block, analyze its structure,
and generate runnable Python code by leveraging the predefined APIs listed in {Available_predefined_APIs}.

You must follow these rules:
- Always declare all agents specified in the agent_profiles section using build_agent_with_resilient_proxy.
- Each agent must follow the parameters below:
agent_name: identical to the name in the def block.
proxy_spec: construct the proxy specification from the cross_agent_reflection field associated with the agent
in the def block.
timeout_threshold: choose a value between 200-500 seconds depending on sub_task complexity.
max_reflection_attempts: choose a value between 1 and 3 to specify the maximum number of cross-agent reflection rounds
before triggering failover.
max_retry: choose a value between 1 and 2 to specify the maximum number of failover attempts
for replacing or reconfiguring an affected agent.
- After defining agents, parse the sub_task, coordination_structure, agent_profiles,
and cross_agent_reflection fields to determine the execution order and resilience configuration.

You must follow this procedure systematically.

Step 1: Parse the def block.

Step 2: Declare all agents with build_agent_with_resilient_proxy and proper parameters.

Step 3: Read coordination fields (coordination_structure, agent_profiles, cross_agent_reflection).

Step 4: Construct execution flow by combining execute calls (sequential or parallel using asyncio.gather).

Step 5: Return a final runnable Python script based on predefined APIs.

Refer to the examples below:
{Examples}

Figure 16: Prompt for synthesizing executable multi-agent policy code from the resilience-aware specification
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