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Abstract

Multi-agent systems (MASes) powered by large language models
(LLMs) are increasingly deployed in real applications, yet practi-
tioners still lack a practical way to systematically compare and
tune key system choices such as backend LLMs, agent frameworks,
and MAS architectures. The stochastic and failure-prone nature
of runtime LLM decisions further complicates controlled exper-
imentation and ablation. While existing benchmarks emphasize
application-level outcomes (e.g., task success), they provide limited
support for studying how system knobs influence end-to-end be-
havior. Similarly, current telemetry tools capture raw execution
data but offer no standard for identifying which metrics actually
impact system reliability.

We introduce MAESTRO, an open-source platform that defines
and standardizes actionable evaluation metrics for MAS deploy-
ment. By profiling 12 representative MASes, MAESTRO distills com-
plex execution dynamics into critical diagnostic metrics. Demon-
strating this framework, our evaluation reveals that while high-level
interaction structures remain stable, execution order varies sub-
stantially, and tool usage exhibits strong architecture-dependent
cost-accuracy trade-offs. Ultimately, MAESTRO transitions MAS
evaluation toward targeted, metric-driven optimization.
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1 Introduction

Large language model (LLM)-based multi-agent systems (MASes)
are increasingly deployed as a powerful paradigm for complex ap-
plications. They have demonstrated utility across diverse domains,
ranging from cooperative software development [2] and embodied
AT [14] to complex financial [15] and social simulations [6].

However, LLM-based multi-agent systems introduce new chal-
lenges due to their stochastic execution and reliance on runtime
LLM outputs, resulting in highly non-deterministic behavior that
limits the applicability of optimization techniques designed for
deterministic workflows [16]. Furthermore, the diversity in MAS
architectures (e.g., plan-and-execute [12], divide-and-conquer [18])
and communication protocols dictates that the relevance of opera-
tional metrics shifts dramatically depending on the system design.
A diagnostic signal critical for one interaction pattern may be irrel-
evant noise in another, complicating classical trade-offs between
resource efficiency and reliability. Together, these factors break
common assumptions of predictability and observability, demand-
ing a benchmarking approach that moves beyond raw telemetry
collection to identify and standardize architecture-aware diagnostic
metrics.

Existing evaluation methodologies fail to provide a comprehen-
sive understanding of MAS execution behavior. While a large body
of work focuses on evaluating LLM serving performance [3, 13],
the rapid adoption of LLM-based agents has led to a growing set of
MAS benchmarks [1, 4, 16, 19]. These benchmarks primarily eval-
uate individual agent capabilities while treating MASes as black
boxes focused on end-to-end application-level outcomes. In prac-
tice, such evaluations indicate whether performance degrades, but
fail to explain why.

Conversely, while general-purpose telemetry tools collect fine-
grained execution data, they strictly profile individual runs. They
offer no mechanism to aggregate stochastic traces and determine
which metrics actually diagnose system health across different ar-
chitectures. Consequently, MAS architects and system operators
are trapped between benchmarks lacking system-level observability
and telemetry tools lacking actionable, multi-run context. Consis-
tent with this gap, a recent survey [9] reports that nearly 75% of
teams deploying production MASes evaluate their systems with-
out standardized benchmarks, relying instead on custom, in-house
solutions.

To address this gap, we present a demo of MAESTRO, a Multi-
Agent Evaluation Suite for Testing, Reliability, and Observability.
Rather than focusing solely on isolated debugging tasks, MAE-
STRO serves as a comprehensive benchmarking and exploration
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Figure 1: MAESTRO architecture overview.

framework built specifically for MAS architects and system oper-
ators. It provides a unified repository of 12 representative MASes
alongside a declarative integration interface that allows users to
seamlessly profile custom agent architectures without extensive
code modification.

Crucially, MAESTRO serves as an engine for metric discovery,
moving beyond ad-hoc observation to establish standardized diag-
nostic signals. For example, to decouple inherent LLM stochastic-
ity from underlying structural bottlenecks, MAESTRO specifically
tracks call-graph similarity. Using this metric, our analysis reveals
that MAS call-graph structures remain structurally stable despite
substantial temporal variability in execution sequences (Finding 1
in § 3.1), exposing specific optimization opportunities like caching
and prefetching. Furthermore, we demonstrate how MAESTRO ex-
poses the architecture-dependent overhead of external tools, quan-
tifying severe trade-offs between accuracy gains and resource costs
(Finding 2 in § 3.2). Collectively, the MAESTRO platform and these
metric-driven evaluations provide a principled foundation for de-
signing and deploying robust MASes. MAESTRO’s code, dataset,
and demo video are available at https://maestro-suite.github.io/.

2 MAESTRO design

We first detail MAESTRO’s architecture and control flow, followed
by the built-in MAS suites of MAESTRO. Finally, we outline a uni-
fied protocol standardizing inputs, outputs, and analysis to enable
cross-MAS comparisons.

MAESTRO architecture. Figure 1 illustrates MAESTRO’s linear
workflow: users prepare and configure MAS instances, triggering
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runtime execution and trace collection, followed by post-hoc pro-
cessing to derive interpretable results.

MAS preparation. MAESTRO provides 12 built-in MASes, en-
abling out-of-the-box evaluation without additional integration
effort. To incorporate custom MASes or external frameworks, users
define a declarative JSON configuration. By leveraging integration
libraries like any-agent [7], MAESTRO interprets these configura-
tions to instantiate agents across different frameworks and map
custom tools. This reduces integration overhead to specifying coor-
dination topologies (e.g., round-robin, handoff) and agent schemas,
exposing new MAS implementations to MAESTRO’s configuration
and observation interface.

Configuration. Based on the prepared MASes, users specify the
evaluation setup, including input sources, LLM configuration of
each agent instance, external tool access, etc.

Runtime. Based on the provided configuration, the Runtime com-
ponent orchestrates the instantiation and execution of the MASes.
Task inputs are continuously fed into the runtime, triggering agent
interactions, tool invocations, and control-flow decisions.

Observation. During execution, the Observation component mon-
itors system behavior through function-call hooks or sampling-
based instrumentation. Built on top of OpenTelemetry [8] and
Psutil [10], it records both execution metrics (e.g., latency, token us-
age) and additional signals specified in the configuration. Collected
traces are forwarded to the Post-processing component.

Post-processing. The Post-processing component aggregates and
analyzes execution traces to make MAS behavior inspectable (e.g.,
CPU, call graph). These summaries enable users to explore execu-
tion trajectories, compare configurations across runs, and identify
performance bottlenecks and sources of instability.

Representative built-in MASes. We include 12 representative
MASes from official repositories of major agentic frameworks as
built-in MASes (Table 1) and group them into two evaluation suites:
the Full-suite (F) contains all MASes, whereas the Architecture-
focused suite (A) isolates architectural effects by comparing Cor-
rective RAG (cr), Plan and Execute (PE), and LATS (LA) on the same
tasks [17] under different interaction patterns. Figure 2 summarizes
these three architectures: cr augments generation with corrective
retrieval, PE performs explicit planning with iterative execution/re-
planning, and LA refines solutions via tree-search. Detailed MAS
selection criteria is provided in [5].

Unified evaluation protocol. We standardize inputs, outputs,
and analysis to enable fair comparisons across heterogeneous MAS
implementations. Inputs are derived from (i) official artifacts, (ii)
synthetic prompts, or (iii) public datasets; outputs follow two tem-
plates that capture detailed resource usage and structured execu-
tion traces; and evaluation aggregates system-, application-, and
semantic-level metrics (with an LLM-as-judge when needed). Full
protocol details are provided in [5].

3 Characterizing MASes with MAESTRO
To demonstrate MAESTRO’s analytical capabilities, we report one
representative experiment for each evaluation suite.

Setup. For each MAS, we conduct 20 independent runs, each with
a single user-level input; runs are capped at 10 minutes to prevent
infinite loops. Specifically, for the Architecture-focused suite, we
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Table 1: Selected MASes overview. The “Suite” column indicates membership, F: Full-suite; A: Architecture-focused suite.

Interacti Data Spec.
MAS Name Abbr. App.Domain Framework nieraction a%a Spec Suite
Type #Agt #Tool In Out
Financial Analyzer FA Finance MCP-Agent Correct 6 1 Artifacts  Opn-End F
Image Scoring M Creativity ADK Debate 4 2 Synthetic  Cls-Form F
Marketing MA Marketing ADK Coordination 4 1 Synthetic ~ Opn-End F
Brand Search Opt. BO Marketing ADK Coordination 4 10 Synthetic  Opn-End F
Content Creation cc Creativity ADK Plan 4 1 Synthetic ~ Opn-End F
Magentic-One MO Cross-domain Autogen Plan 4 0 Artifacts  Opn-End F
Stock Research SR Finance Autogen Coordination 4 2 Artifacts  Opn-End F
Travel Planning TP Travel Autogen Coordination 4 0 Artifacts  Opn-End F
Tree of Thought TT Cross-domain ~ LangGraph Debate 3 0 Artifacts  Cls-Form F
Corrective RAG CR Cross-domain ~ LangGraph  Coordination 5 2 Datasets Opn-End  FA
Plan and Execution PE Cross-domain ~ LangGraph Plan 3 1 Datasets Opn-End FA
LATS LA Cross-domain ~ LangGraph Plan 3 1 Datasets Opn-End  FA
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Figure 2: Three architectures solving a unified task.

cap each LLM response at 8,192 tokens. We use Tavily [11] as the
web search tool when enabled. When correctness is required, we
use GPT-40-mini as an LLM-as-judge.! We use the following ab-
breviations throughout: Gemini-2.0-flash-lite (Ge20FL), Gemini-2.5-
flash-lite (Ge25FL), Gemini-2.5-flash (Ge25F), GPT-40-mini (G4oM),
GPT-5-mini (G5M), and GPT-5-nano (G5N).

3.1 How stable are MAS call graphs, and what
factors influence their variability?

Different from traditional software systems, LLM-based MASes ex-
hibit inherent execution stochasticity, making system-level stability
a prerequisite for reproducible evaluation. Because this stochas-
ticity manifests independently in both the occurrence and the se-
quence of agent interactions, it is necessary to decouple structural

!While we acknowledge the absence of human-calibrated inter-rater reliability and
note that reasoning-heavy models (e.g., 03 or Claude 3.5 Sonnet) could serve as
stronger judges, GPT-40-mini was selected to practically balance evaluation costs
across the 240+ stochastic runs required to evaluate structural stability.
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Figure 3: Cross-model call graph similarity.

stability from temporal variability. To capture this duality more
comprehensively, we quantify run-to-run call-graph stability using
two complementary metrics: Jaccard similarity (for order-agnostic
interaction overlap) and LCS similarity (for order-aware trace align-
ment) [5].

MAS execution is structurally stable but temporally variable.
Across repeated runs, call graphs exhibit high structural overlap
(averaging a Jaccard similarity of 0.79) but moderate temporal align-
ment (averaging an LCS of 0.61), as illustrated in Figure 3. This
discrepancy indicates that while MASes reliably invoke the same
subset of agents to solve a task, the specific sequence of these in-
teractions remains highly susceptible to runtime stochasticity. PE
and sr perfectly exemplify this high-Jaccard, low-LCS paradigm;
their macro-level interaction topologies are structurally stable, yet
their LLM-driven planning and coordination phases introduce sub-
stantial variability in execution order. TT acts as a rigid exception,
maintaining perfect stability (1.0 for both metrics) because Auto-
gen’s RoundRobinGroupChat enforces a deterministic execution
sequence that strictly eliminates dynamic routing. Conversely, FA
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emerges as a severe structural outlier (Jaccard 0.07, LCS 0.04) dic-
tated by its MCcP-AGENT-based dynamic orchestration. Its central or-
chestrator continuously adapts the topology at runtime, deliberately
selecting or bypassing specific sub-agents, such as the financial-
analyst or report-writer stages, based on intermediate data quality
assessments and predefined early-stop conditions. This extreme sta-
tistical variance reflects deliberate, inherent architectural flexibility
rather than arbitrary execution noise.

Finding 1: Across runs, MAS call graphs are largely stable in
which agent-to-agent interactions occur, but often unstable in
the order those interactions unfold.

Guidelines. The observed structural stability of MAS interaction
graphs enables more efficient caching and scheduling strategies
that exploit repeated interaction structure. Meanwhile, temporal
variability in execution order motivates using repeated runs and
order-aware analysis when diagnosing behavior.

3.2 How does tool usage impact cost and
accuracy?

Enabling external tools is often assumed to improve MAS qual-
ity by providing additional evidence or capabilities. We find that
tool effects are strongly architecture-dependent, and can trade off
accuracy against cost and latency.

Tool impact is non-uniform and architecture-dependent. Al-
though enabling tools is widely assumed to improve MAS quality,
we reveal that tool effects are strongly architecture-dependent. As
shown in Figure 4a, integrating web search commonly increases
overall execution overhead, but the magnitude and specific areas
affected depend on the workflow integration. cR primarily incurs a
higher monetary cost (median +$0.0010 per task) with only a mod-
est impact on latency. In contrast, PE incurs a substantial latency
penalty (median +34.1s) while slightly reducing monetary cost,
indicating a shift from token expenditure to longer execution times.
LA exhibits the largest overhead overall, simultaneously increasing
both cost and latency.

Despite these broader trends, providing external context can
occasionally reduce execution overhead by curbing speculative
generation. For instance, cr coupled with GPT-5-nano reduces mean
task duration by 13.9% because external evidence yields shorter,
more confident outputs that successfully offset the initial retrieval
overhead. Similarly, for PE, web search forces plans to become much
more concrete and concise; average planner token consumption
drops from over 1,500 to a few hundred per call, and subsequent
planning steps shorten. Even when the total number of iterative
planning cycles remains similar, the reduced per-step token usage
easily outweighs the base retrieval cost.

Tool effects on accuracy vary substantially by architecture (Fig-
ure 4b). CR benefits consistently, achieving a large median accuracy
gain (+35.7%) and improving in the majority of runs. Conversely,
PE often fails to benefit and can actively degrade in accuracy, while
LA demonstrates only marginal and unstable improvements. Ulti-
mately, these accuracy trends directly mirror the corresponding
cost and latency trade-offs: cr incurs modest overhead, whereas PE
primarily increases latency, and LA increases both cost and latency.
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Figure 4: Impact of web search on cost and accuracy. Deltas
are calculated as with — without search.

Finding 2: External tools can reduce speculative generation and
cost in specific contexts, but they only reliably improve accu-
racy when the agent architecture can integrate them without
amplifying execution overhead or instability.

Guidelines. System design dictates the type of overhead intro-
duced by external tools; operators must therefore treat the choice
of execution model as a strategic trade-off between minimizing
latency and optimizing token budget. Overall, tools help only when
the architecture can integrate them without amplifying execution
overhead or instability.

4 Conclusion and future work

In this demo paper, we presented MAESTRO, a comprehensive
benchmarking framework that enables practitioners to systemati-
cally explore diverse setups for LLM-based MASes. Moving beyond
black-box application outcomes, our demo reveals that MAS call
graphs are structurally stable yet temporally variable, and that exter-
nal tools trade latency against cost without guaranteeing accuracy
improvement.

To enhance practitioner observability, immediate future work
replaces the current CLI workflow with a lightweight web dash-
board for comprehensive real-time visualization of call-graphs and
trade-offs. Furthermore, future work will extend MAESTRO to dis-
tributed MAS architectures to evaluate how network latency, syn-
chronization, and consistency impact scalability. We will analyze
how communication protocols (e.g., A2A, MCP) and parallel execu-
tion alter system dynamics, coordination overhead, and emergent
failures.
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