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Abstract

Evaluating large language model (LLM)-based multi-agent
systems remains a critical challenge, as these systems must
exhibit reliable coordination, transparent decision-making,
and verifiable performance across evolving tasks. Exist-
ing evaluation approaches often limit themselves to single-
response scoring or narrow benchmarks, which lack sta-
bility, extensibility, and automation when deployed in en-
terprise settings at multi-agent scale. We present AEMA
(Adaptive Evaluation Multi-Agent), a process-aware and
auditable framework that plans, executes, and aggregates
multi-step evaluations across heterogeneous agentic work-
flows under human oversight. Compared to a single LLM-as-
a-Judge, AEMA achieves greater stability, human alignment,
and traceable records that support accountable automation.
Our results on enterprise-style agent workflows simulated us-
ing realistic business scenarios demonstrate that AEMA pro-
vides a transparent and reproducible pathway toward respon-
sible evaluation of LLM-based multi-agent systems.
Keywords: Agentic Al, Multi-Agent Systems, Trustworthy
Al, Verifiable Evaluation, Human Oversight

1 Introduction

Agentic LLM systems are moving from static prediction to
autonomous reasoning, tool use, and collaboration. As they
operate in dynamic environments, their trustworthiness de-
pends on ensuring alignment with human intent, robustness
under real-world complexity, and verifiability of their inter-
nal decisions. These properties motivate evaluation frame-
works that provide auditable transparency and bounded au-
tonomy under human oversight.

Evaluating such systems is difficult because reasoning
and coordination unfold over many steps; traditional bench-
marks cannot verify process-level reliability or alignment
with human expectations. In high-stakes domains where
agents operate under human oversight, evaluation must
function as a mechanism of trust and control rather than a
mere scoring.

We introduce AEMA (Adaptive Evaluation Multi-Agent),
a framework for verifiable evaluation of agentic LLM sys-
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tems. AEMA adapts to diverse tasks and records trace-
able evaluation logs for oversight and accountability. Un-
like single-model evaluators, AEMA operates as a coordi-
nated multi-agent evaluator that plans, debates, and aggre-
gates judgments across steps to produce consistent and ex-
plainable assessments under human control.

To demonstrate feasibility and trust reliability, we evalu-
ate AEMA on enterprise-style agent workflows that simulate
realistic multi-agent co-ordination under controlled condi-
tions.

AEMA shows lower score dispersion, stronger human
alignment, and verifiable consistency compared to a single
LLM-as-a-Judge.

In summary, our contributions advance trust and control
in agentic Al through the following dimensions:

1. AEMA introduces a process-aware, verifiable framework
that unifies step-level and end-to-end assessment for
multi-agent evaluation;

2. Provides an adaptive methodology that offers support for
human-in-the-loop oversight and continuous refinement
of evaluation criteria;

3. Demonstrates verifiable evaluation that enables align-
ment, robustness, and trust in autonomous LLM systems
in enterprise-style environments.

2 Related Work: From Single-Turn
Evaluation to Process-Level Assessment of
LLM Multi-Agent Systems

LLMs are increasingly used to automate the evaluation,
offering greater scalability and reproducibility than hu-
man evaluation. The LLM-as-a-Judge paradigm has been
adopted for a wide range of tasks such as instruction (Zeng
et al. 2023), summarization (Clark et al. 2021), and ma-
chine translation (Kocmi and Federmann 2023). Frame-
works like G-Eval (Liu et al. 2023) use a single GPT-4
model with a chain-of-thought prompting to score the text
on coherence, relevance, and factual accuracy, while ChatE-
val (Chan et al. 2023) assembles multiple LLM “referees”,
having diverse expertise, which debate to reach consensus.
CollabEval (Qian et al. 2025) focuses on building consen-
sus among multiple LLM evaluators using different models
rather than adversarial debate. These methods improve con-
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Figure 1: Overview of AEMA (Adaptive Evaluation
Multi-Agent): Planning Agent builds the plan; Prompt-
Refinement Agent retrieves and prepares examples; Evalu-
ation Agents score intermediate actions; Final Report Agent
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sistency, but remain limited to single-turn responses and do
not capture multi-step agent reasoning.

Recent research focuses on the evaluation of agentic
processes that involve planning, tool use, and interaction.
Mind2Web 2 (Gou et al. 2025) benchmarks web agents
through an Agent-as-a-Judge rubric that assesses correctness
and source attribution in 130 challenging search tasks. We-
bCanvas (Pan et al. 2024) measures intermediate actions in
realistic interface states using an online evaluation frame-
work, and BEARCUBS (Song et al. 2025) provides a multi-
modal benchmark of browsing tasks to test the effectiveness
of reasoning. Broader benchmark suites such as MLAgent-
Bench (Huang et al. 2023) and ITBench (Jha et al. 2025)
evaluate agents in specialized domains including machine-
learning experimentation and IT automation tasks, respec-
tively.

Beyond outcome accuracy, several studies assess behavior
quality and collaboration dynamics. AutoLibra (Zhang et al.
2025) derives metrics from clustered human feedback for
fine-grained behavior assessment. GEMMAS (Xiong et al.
2025) introduces graph-based metrics that measure collabo-
ration efficiency and redundancy in multi-agent reasoning.
WorFEval (Zhou et al. 2024) compares workflow graphs
against ground-truth structures using subsequence and sub-
graph matching, while DevAl (Zhuge et al. 2024) monitors
the progress of another agent to provide step level feedback
on coding tasks.

These studies collectively advance LLM-based evalua-
tion, but primarily assess single-response quality, bench-
marked outcomes, or isolated collaboration patterns. In con-
trast, our AEMA evaluation framework unifies process-level
planning, adaptive scoring, and historical trace learning into
a reproducible evaluation workflow suited for enterprise-
style multi-agent systems.

3 Method
3.1 AEMA Framework

AEMA (Adaptive Evaluation Multi-Agent) is a verifi-
able multi-agent evaluation loop with four roles: Planning,
Prompt-Refinement, Evaluation, and Final Report. It ana-
lyzes execution traces and criteria to plan, parameterize, and
score step-wise behaviors, then aggregates auditable reports
under human oversight Figure 1.

3.2 Planning Agent

The Planning Agent determines which tasks to evaluate
based on the evaluation prompt specified by the human eval-
vator. By default, it evaluates all actions, but prioritizes
those that are semantically meaningful within the work-
flow. In complex multi-agent systems, agents often engage
in extended discussions or reasoning to clarify objectives.
As shown in GEMMAS (Xiong et al. 2025), naive agent
pipelines tend to generate high redundancy and low diversity
in such internal communication. To avoid unnecessary over-
head, the Planning Agent excludes these intermediary steps
from the evaluation and instead focuses on key responses,
tool calls, and actions assessable by available functions.

To support AEMA in various business scenarios and do-
mains, the Planning Agent first classifies the business con-
text into a predefined category using an LLM that ana-
lyzes the agent’s execution results and the evaluation prompt
By assigning the task to a user-specified business category,
the Planning Agent ensures that subsequent evaluations are
aligned with the domain. This process also reduces the com-
plexity of selecting the appropriate evaluation functions by
restricting the search space to those relevant within the iden-
tified business domain.

Even within the same business domain, the large number
of possible actions makes it difficult for the Planning Agent
to reliably select the correct evaluation functions. To address
this challenge, we introduce a tool filter that improves the
efficiency of retrieving relevant evaluation functions.

The filter retrieves only functions aligned with the
identified domain and evaluator requirements. Inspired
by Retrieval-Augmented Generation (RAG) (Lewis et al.
2020), we adopt a hybrid retrieval approach that combines
sparse and dense search methods over the function descrip-
tions (docstrings). Combining sparse and dense retrieval
methods has been empirically shown to yield more accu-
rate and robust results than using either alone, particularly
in domain-specific applications such as scientific document
retrieval (Xiong et al. 2024). In our setting, we used the
sparse retrieval implemented by BM25 to capture keyword
level relevance. For dense retrieval, we compute the cosine
similarity between the embeddings of the function descrip-
tions and the embeddings of the task context, which includes
both the agent’s execution results and the evaluation prompt.
Finally, we use a convex combination of sparse and dense
scores to rank the functions and select the top-k candidates
(where k is set by the human evaluator). This filtering step
enables the Plan Generator to focus on the most appropriate
evaluation tools for the given business scenario.

After retrieving relevant functions, the Planning Agent
combines two components: a Plan Generator and a Plan
Evaluator. Both use the same underlying model (GPT-40)
but with different system messages and prompts. The Plan
Generator selects which steps of the business agent should
be evaluated. After producing a candidate plan, the Plan
Evaluator reviews it. If both reach consensus, the plan pro-
ceeds; otherwise, the Plan Evaluator provides feedback,
prompting the Plan Generator to revise. This iterative pro-
cess continues until agreement or a maximum iteration limit
is reached.



3.3 Prompt Refinement Agent

For domain-specific tasks, pretrained LLMs may be insuf-
ficient to reliably evaluate a business agent without contex-
tual grounding. Previous work (Song et al. 2024) shows that
LLM-as-a-Judge achieves higher accuracy when evaluation
prompts include few-shot exemplars rather than zero-shot
queries. To support this, AEMA’s Prompt-Refinement Agent
automatically searches prior evaluation records relevant to
the current task; when suitable examples are missing, it syn-
thesizes exemplars aligned to the task of the surrounding
business context.

The Prompt Refinement Agent prepares the required pa-
rameter bundle and few-shot examples for each evaluation
function in the plan generated by the Planning Agent. It
uses an LLM to interpret the signature and docstring of each
function along with the agent’s inputs, outputs, and reason-
ing trace, mapping relevant facts to arguments. The Prompt
Refinement Agent produces a schema-compliant JSON ob-
ject for immediate use by the evaluation function.

In-context learning research, such as Auto-ICL (Yang,
Ma, and Wei 2023) and Self-ICL (Chen et al. 2023),
shows that LLMs perform better when prompts include
clear instructions and examples. To support such evalua-
tion functions, the Prompt-Refinement Agent automatically
retrieves past evaluation results using the same hybrid re-
trieval method described in 3.2 When an evaluation function
requires few-shot examples but the database does not pro-
vide enough, the agent asks an LLM to synthesize examples
from the business context, including example agent actions
and reference scores. This automated extraction and adap-
tive retrieval improve flexibility when extending evaluation
functions.

We implement AEMA using AutoGen (Wu et al. 2023),
which provides asynchronous orchestration and memory in-
tegration through ChromaDB and LangChain capabilities
beyond lighter frameworks such as the OpenAl Agents SDK
and CrewAl. Our deployment uses GPT-40 as the underly-
ing LLM and ChromaDB as the vector store.

3.4 Evaluation Agents

The Evaluation Agents consist of multiple general evalua-
tors capable of assessing each task performed by the busi-
ness agent. They measure individual skills using both LLM-
based judges and reliable code-based evaluators. Each func-
tion outputs a normalized score (0-1) and qualitative feed-
back. After all evaluations, results are sent to the Final Re-
port Agent to generate the final report summarizing key
metrics and improvement areas. Although the framework
supports domain-specific evaluation extensions, we also pro-
vide a set of general functions that are applicable to all busi-
ness scenarios.

3.5 Final Report Agent

The Final Report Agent consolidates all intermediate results
into a comprehensive performance report for the target busi-
ness agent. It aggregates quantitative metrics and qualitative
insights produced by the Evaluation Agents into a coherent
summary. The resulting report typically consists of three el-
ements:

* an aggregated performance score (averaged or weighted),

* a performance summary organizing evaluator feedback
into strengths and weaknesses, and

* actionable recommendations to improve reliability.

The Final Report Agent also supports continuous moni-
toring beyond static assessment. By recording and analyz-
ing historical evaluation trajectories, it detects performance
trends and distribution shifts in evolving business data. This
functionality ensures robustness in dynamic environments.
This design enables accountable and auditable evaluation
traces, a prerequisite for responsible multi-agent deploy-
ment.

4 Experiments

This section evaluates the effectiveness of AEMA in gen-
erating reliable, human-aligned assessments in enterprise-
style multi-agent workflows. We describe the experimental
setup, domain configuration, task design, and then analyze
the results to highlight stability, alignment, and responsible
evaluation outcomes.

4.1 Experiment Settings

To demonstrate the operation of AEMA, we evaluate a fi-
nance domain agent responsible for verifying the validity
of the invoice within a multi-agent workflow. The workflow
involves six coordinated components: InputAgent (analyzes
the incoming and normalizes input), Orchestrator (plans the
collaboration order among agents), ParserAgent (extracts in-
formation from the invoice), Validator Agent (validates the
extracted results), Policy Agent (checks compliance with
policies), and Approval Agent (aggregates the outcomes
and gives approval decision), each corresponding to a func-
tional stage in enterprise automation. Although this study
focuses on finance, AEMA supports domain-specific eval-
uation functions across Finance, Healthcare, and Software,
automatically restricting its plan to the detected domain dur-
ing planning.

AEMA dynamically configures its evaluation plan ac-
cording to available functions. To test its adaptive planning
capability, we intentionally excluded the evaluation of the
Policy Agent while keeping others active, requiring AEMA
to generate a coherent plan reflecting only implementable
checks.

To assess the reliability of plan generation, AEMA was
executed 30 times on identical financing workflow output.
Within the Planning Agent, we capped the debate mecha-
nism at five rounds for both the Plan Generator and the Plan
Evaluator. This configuration isolates the contribution of de-
bate rounds to planning accuracy and convergence speed.

For consistency testing, both AEMA and the single LLM-
as-a-Judge baseline were executed 30 times on identical in-
puts. To ensure fairness, the single LLM used concatenated
scoring criteria identical to AEMA evaluation functions. The
results were benchmarked against human-as-a-Judge refer-
ences to measure alignment and dispersion.

We evaluated two input conditions: clear (good quality)
and degraded (blurry) invoice images. For each, AEMA and
the single LL.M-as-a-Judge were run 20 times, and their
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Figure 2: Stability of final scores across 30 evaluations.
AEMA exhibits lower dispersion than a single LLM-as-a-
Judge.

mean scores were compared to human references to evaluate
robustness under input quality shifts.

4.2 Results and Analysis

Planning Experiment. We evaluated AEMA’s Planning
Agent over 30 runs. The consensus on the correct plan was
reached in 13 runs after one debate round, 13 runs after two
rounds, and 4 runs after three rounds. This supports using
a debate mechanism with Plan Generator and Plan Evalua-
tor in Planning Agent, since a single LLM generation is not
consistently optimal. In this setup, a cap of three rounds is
sufficient.

Stability Experiment. Across 30 evaluations with identi-
cal inputs, AEMA shows narrow score variation at each step
and in the Final metric. In contrast, the single LLM-as-a-
Judge shows wider dispersion with several low outliers, es-
pecially for Decision and Final. The box-and-whisker plots
in Figure 2 show a clearly smaller interquartile range and
shorter whiskers for AEMA. The human-as-a-judge refer-
ence for this case is 0.96, and AEMA’s distribution con-
centrates near this value, while the single-LLM distribu-
tion is broader and departs more frequently from it. In busi-
ness workflows, stability is essential. Predictable evaluations
support fixed thresholds, reduce human overrides, and im-
prove auditability and policy compliance. Under fixed in-
puts, these results show that AEMA yields more stable and
human-aligned assessments than a single LLM-as-a-Judge.
In high-reliability settings, this consistency reduces the eval-
uator drift and enables formal threshold calibration.

Human Alignments Experiment. Table 1 shows the
good-quality invoice results. AEMA matches the human
score on planning, validation and decision and is close to
the final score (absolute error = 0.01). The single LLM-as-
a-Judge is farther from the human score, especially in the
decision step (0.19) and the final (0.09). Averaging the ab-
solute error over the six steps, the AEMA is 0.018, while the
single LLM is 0.077.

Table 2 shows the results of the degraded and blurred in-
put images. AEMA remains closer to the human score on

Human AEMA Single LLM-as-a-Judge

Step Mean Mean |A| Mean |A|
Routing 1.00 098 0.02 1.00 0.00
Planning 098 098 0.00 0.86 0.12
Parsing 0.80 0.88 0.08 0.86 0.06
Validation  1.00  1.00 0.00 1.00 0.00
Decision 1.00 1.00 0.00 0.81 0.19
Final 096 097 0.01 0.87 0.09

Table 1: Good-quality invoice: mean scores (over 20 runs)
and absolute error to human (lower is better).

Human AEMA Single LLM-as-a-Judge

Step Mean Mean |A| Mean |A|
Routing 1.00 094 0.06 1.00 0.00
Planning 1.00 1.00 0.00 0.99 0.01
Parsing 050 038 0.12 0.63 0.13
Validation  1.00  1.00 0.00 0.88 0.12
Decision 1.00 1.00 0.00 0.68 0.32
Final 090 0.86 0.04 0.83 0.07

Table 2: Blurry invoice: mean scores (over 20 runs) and ab-
solute error to human (lower is better).

most steps and on the final score (0.04 vs. 0.07). The single
LLM departs more on Decision (0.32) and Validation (0.12).
The average absolute error over steps is 0.037 for AEMA
and 0.108 for the single LLM.

Overall, AEMA is more human-aligned under both input
conditions. The greatest gains occur in the decision step and
the final score, which determine the business outcome.

5 Conclusion and Future Work

We presented AEMA, a process-aware evaluation frame-
work for business agents. AEMA demonstrates that evalu-
ation can serve as a verifiable control mechanism embed-
ding accountability into multi-agent reasoning. Compared
with a single LLM-as-a-Judge, AEMA produces more sta-
ble scores under identical inputs and yields smaller abso-
lute error to human references on both good-quality and de-
graded invoices. In business settings, AEMA yields stable
and predictable scores that support fixed thresholds and re-
duce manual overrides.

Although this study focuses primarily on the Finance
domain, AEMA’s architecture demonstrates strong cross-
domain adaptability. Future work will extend domain-
specific evaluation experiments to broader settings, testing
AEMA across multiple domains and heterogeneous work-
flows. Another promising direction is to improve the effi-
ciency and awareness of AEMA resources. For example, in-
tegrating cost or budget constraints into the workflow could
allow the Planning Agent to activate evaluation tools dynam-
ically based on available resources or to decide when to use
small language models versus larger ones to balance accu-
racy and efficiency. These extensions would make AEMA
more scalable and practical for real-world, cost-sensitive ap-
plications.
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A System & Workflow Summary

AEMA evaluates multi-agent business workflows through
four coordinated roles:

1. Planning Agent — generates an executable evaluation
plan from the human evaluator’s specification and rele-
vant evaluation functions;

2. Prompt-Refinement Agent — prepares evaluator pa-
rameters and few-shot exemplars for each function;

3. Evaluation Agents — combine deterministic checks and
LLM-based judgments to score each step; and

4. Final Evaluation Agent — aggregates outcomes into
machine- and human-readable reports.

Each stage contributes to a reproducible, auditable eval-
uation trace. Detailed implementation of these roles, the
plan—review loop, and retrieval mechanisms appear in Sec-
tion 3 of the main text. Here we only note that the framework
is implemented in AutoGen, integrated with LangChain
and ChromaDB, and uses GPT-40 as the LLM backbone.

System design principle: AEMA ensures that every evalua-
tion decision—plan creation, parameter refinement, scoring,
and reporting—produces a verifiable artifact that can be re-
played or audited later, reinforcing the workshop theme of
trust and control in agentic Al

B Formal Plan-Evaluation Metric

Let the available agent set be §2. The gold plan is G; =
(A;, S;) with A; C Q and order S;. The prediction is (P, E)
with P C 2 and predicted sequence £. AEMA returns a
scalar score in [0, 1] summarizing five criteria:

1. Schema validity (F’). Fraction of required fields that are
present with the correct types, ensuring structurally valid
outputs.

2. Agent selection accuracy (S). The F-score between the
gold and predicted agent sets:
2|4, N P|

S=—7—.
| Al + |P|

3. Step-agent coherence (C,). Measures the overlap be-
tween the unique step labels and the predicted agents:

[set(E) N P|

Co = lset(E) U P|’

4. Order preservation (O,). Assesses whether the pre-
dicted sequence E preserves the intended order S;. Using
a Kendall-style inversion agreement (Cicirello 2019):

inv(E; S;)

INVyax

O,=1- , 0, €10,1],
where inv(E; S;) is the number of pairwise inversions of
E relative to S;; for DAGs, inversions are computed with
respect to any consistent topological extension.
5. Step efficiency (Ey). Encourages parsimony in plan
length:
: | Ai]
E, = 1, ——— .
! mm( " max(L, [P

Aggregation via AHP. A non-negative weight vector
(wp,ws,we,,wo,,wr,) with Y Jw. = 1 is obtained us-
ing the Analytic Hierarchy Process (AHP) (Bhattacharya
et al. 2017; Botchway et al. 2021; Mekouar, Hadi, and Sbihi
2021) from pairwise criterion comparisons with a consis-
tency check. The final score is:

FinalScore = wpF + wgS + we, Cy + wo, Oy + wg, Ey.

Weights can be adjusted to reflect domain priorities without
altering metric definitions.

Notation Summary. ): all candidate agents; A,: gold-
standard agent set; .S;: gold order / DAG; P: predicted agent
set; E: predicted sequence; inv(-): inversion count used in
order-preservation.

C Experimental Configuration

Target Workflow. The Finance Agent Framework vali-
dates invoices through six components: InputAgent, Orches-
trator, ParserAgent, ValidatorAgent, PolicyAgent, and Ap-
provalAgent. This workflow was selected to emulate realis-
tic enterprise evaluation flows involving document parsing,
rule validation, and policy compliance.

Evaluator-Availability Stress Test. To test adaptive plan-
ning, the evaluation for PolicyAgent is intentionally omitted
while all other component evaluations remain implemented.
AEMA must construct a coherent evaluation plan reflecting
the available evaluators without failing the planning step.

Planning-Stability Protocol. AEMA is executed 30 times
on identical Finance-agent outputs. The Planning Agent’s
debate loop is capped at five rounds for both the Plan Gen-
erator and the Plan Evaluator. Consensus on the correct plan
typically emerges after one to three rounds (13, 13, and
4 runs respectively), showing bounded deliberation and sta-
ble reasoning behavior.

Stability Under Identical Inputs. Across 30 repeated eval-
uations on the same inputs, AEMA yields narrow score dis-
persion at both step and final levels, while a single LLM-
as-a-Judge baseline exhibits larger variance and occasional
outliers. Human-as-a-judge references cluster near 0.96, and
AEMA’s scores concentrate around this value. These re-
sults demonstrate robustness of AEMA’s debate-and-review
mechanism under fixed conditions (refer Figure 2).

Human-Alignment Evaluation. Two datasets are used:
good-quality invoices and degraded (blurred) images. Both
AEMA and the single-LLM baseline are run twenty times
per dataset, and the averaged results are compared to human-
judge references. For good-quality inputs, AEMA aligns
closely with human ratings across all steps, while the sin-
gle LLM diverges more strongly in the Decision and Final
stages. Under degraded inputs, AEMA maintains smaller ab-
solute deviations (see Tables 1-2), indicating resilience to
input noise.

Baseline Fairness. For the single LLM-as-a-Judge baseline,
the same scoring criteria prompts used in AEMA’s evalua-
tion functions are concatenated into one unified prompt to
ensure a fair comparison under identical input conditions.



D Limitations and Future Directions

Score Stability of Continuous Outputs. Repeated evalua-
tions of identical parsing steps occasionally produce incon-
sistent numerical scores despite coherent rationales, high-
lighting variance in continuous-value judgments. Discrete or
categorical scoring scales are recommended to improve re-
peatability and interpretability.

Evaluation Cost and Latency. AEMA involves multiple
LLM calls (plan — prompt — evaluation — report), which
can be costly and slower than the business workflow itself.
Practical mitigations include evaluating only priority ac-
tions, skipping redundant re-evaluations within a time win-
dow, and using budget-aware planning to allocate small ver-
sus large models dynamically. Caching repeated prefixes
(e.g., KV-cache reuse) further reduces runtime overhead.

Prompt-Merging Trade-offs. Combining stages (such as
parameter extraction and evaluation) reduces the number
of calls, but early observations suggest that heavily merged
prompts may lower task accuracy or interpretability. Con-
trolled experiments are planned to identify safe levels of
consolidation without compromising transparency.

Scope and Generalization. Current experiments are con-
fined to a single Finance domain using LLM-based compo-
nents across all agents. Future extensions will explore cross-
domain settings, including safety-critical workflows, and in-
vestigate cost and latency reductions via discrete scoring,
caching, and optimized prompt compilation.

This appendix consolidates only the material not duplicated
in the main paper. It provides procedural transparency, quan-
titative reproducibility, and forward-looking considerations
that directly support the workshop’s focus on trust, verifia-
bility, and control in agentic Al systems.



