
Findings of the Association for Computational Linguistics: ACL 2026, pages 7247–7264
July 2-7, 2026 ©2026 Association for Computational Linguistics

Attribution-Based Analysis and Optimization
of Modular Agentic Workflows

Yingxuan Yang1 Bo Huang1 Siyuan Qi1 Chao Feng1 Haoyi Hu1

Yuxuan Zhu2 Jinbo Hu1 Haoran Zhao1 Ziyi He3 Xiao Liu4 Zongyu Wang4

Muning Wen1 Lin Qiu4 Xuezhi Cao4 Xunliang Cai4 Yong Yu1 Weinan Zhang1*

1Shanghai Jiao Tong University 2University of Chicago 3University of Toronto 4Meituan
{zoeyyx, wnzhang}@sjtu.edu.cn

Abstract

Agentic workflows solve complex tasks by or-
chestrating modular components (e.g., plan-
ning, reasoning, action, reflection) built on top
of LLM backbones. A practical but underex-
plored question is model allocation: given a
fixed workflow decomposition and a pool of
candidate LLMs, which components should
be upgraded (and with which models) to up-
grade task performance, and how can we at-
tribute gains to individual upgrades and their
interactions? We present ShapleyFlow, a co-
operative game theoretic framework that mod-
els component upgrades as players and eval-
uates component coalitions to compute Shap-
ley values. This yields interaction-aware at-
tribution and supports Shapley-guided config-
uration recommendation for model allocation
under a fixed workflow structure. We further
introduce CapaBench, a benchmark of 1,500+
tasks across seven domains (shopping, navi-
gation, ticketing, mathematics, operating sys-
tems, robotic coordination, and automated the-
orem proving). Across 9 representative LLMs
and all 24 upgrade coalitions in a 4-component
workflow, ShapleyFlow provides (i) principled,
interaction-aware attribution for modular work-
flows and (ii) actionable model-allocation rec-
ommendations that improve over strong single-
model baselines.

Introduction

Large Language Models (LLMs) (Brown et al.,
2020; OpenAI et al., 2024) have driven the rise
of agentic workflows, where complex tasks are
decomposed into orchestrated sequences of special-
ized components (Sapkota et al., 2025; Acharya
et al., 2025). Frameworks such as ReAct (Yao
et al., 2023b) and AutoGPT (Gravitas, 2023) show
that structured orchestration can improve both per-
formance and interpretability. These workflows
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typically combine planning, reasoning, action exe-
cution, and reflection (Wei et al., 2022; Shinn et al.,
2023; Renze and Guven, 2024) to address diverse
challenges including code generation, web naviga-
tion, and autonomous control (Zhou et al., 2024;
Yang et al., 2024b; Chai et al., 2025).

Despite their widespread adoption, a key chal-
lenge remains: how can we attribute performance
to individual workflow components and use this un-
derstanding to make principled design decisions?
Existing evaluation methods (Liu et al., 2023; Chi-
ang et al., 2024; Guo et al., 2024; Yin et al., 2024)
primarily report end-to-end outcomes and provide
limited visibility into the internal dynamics of
multi-component workflows. This black-box eval-
uation obscures interdependencies between com-
ponents and offers little actionable guidance for
workflow design.

Current practice has three concrete limitations.
First, end-to-end success rates do not isolate the
marginal contribution of each component under
different configurations. Second, standard one-
factor-at-a-time ablations fail to capture interac-
tion effects and can miss beneficial combinations
because component utility is often non-additive.
Third, end-to-end success alone does not tell us
where to invest stronger models or more compute
within the workflow, leaving it unclear which com-
ponents to upgrade first.

To address these challenges, we introduce Shap-
leyFlow, a cooperative-game-theoretic framework
for interaction-aware attribution in modular agen-
tic workflows. Specifically, ShapleyFlow computes
Shapley values (Shapley, 1952; Hart, 1989; Cohen
et al., 2007; Lundberg and Lee, 2017; Ghorbani
and Zou, 2019) over all component coalitions to
quantify both (i) each component’s marginal con-
tribution and (ii) non-additive interaction effects
among components. This enables principled, fine-
grained analysis of which components matter and
which combinations work well for different task
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Figure 1: ShapleyFlow for interaction-aware attribution and configuration recommendation in modular agentic
workflows. The left panel shows a four-component workflow (Planning, Reasoning, Action, Reflection). The
middle panel illustrates our cooperative-game formulation, where component upgrades are modeled as players and
coalition outcomes map to task performance. The right panel shows exhaustive evaluation over all 24 = 16 upgrade
coalitions, enabling Shapley-value attribution and model-allocation guidance.

types.
In this paper, we study model allocation in

modular agentic workflows: given a fixed work-
flow structure with multiple functional components
(e.g., Planning, Reasoning, Action, and Reflec-
tion)(Brown et al., 2020; Yao et al., 2023b; Wei
et al., 2022; Gravitas, 2023; Shinn et al., 2023;
Hong et al., 2023; Guo et al., 2024; Yin et al.,
2024) and a pool of candidate LLM backbones,
which components should be upgraded, and with
which models, to most effectively improve task per-
formance? Crucially, this problem is inherently
interaction-dependent: the benefit of upgrading a
component often depends on which other compo-
nents are upgraded alongside it, making additive
assumptions and one-factor-at-a-time analyses in-
sufficient.

We formalize this problem as an upgrade coali-
tion game, where workflow components act as play-
ers and each coalition corresponds to a concrete
model assignment obtained by upgrading a subset
of components from a shared baseline. Within this
formulation, Shapley values provide a principled
mechanism to attribute performance gains to indi-
vidual upgrades while accounting for all interaction
patterns among components. Unlike prior attribu-
tion approaches that focus on input features, neural
submodules, or isolated ablations, our formulation
directly targets model allocation decisions in agen-
tic workflows and grounds attribution in executable
end-to-end configurations.

To our knowledge, ShapleyFlow is among the
first to cast model allocation in modular agentic
workflows as a cooperative game over component
upgrades: (i) upgrades are treated as players tied
to executable end-to-end configurations, (ii) ex-
haustive coalition evaluation is used to faithfully

capture non-additive interactions, and (iii) the re-
sulting Shapley attributions are directly leveraged
for configuration recommendation within a fixed
workflow structure. ShapleyFlow does not propose
a new Shapley estimator. Instead, our contribu-
tion is the formulation and executable evaluation
protocol that instantiates Shapley-value attribution
over workflow component upgrades the object of
interest for real-world model-allocation decisions.

To empirically study this setting, we introduce
CapaBench, a benchmark of 1,500+ tasks span-
ning seven diverse domains. Across 9 representa-
tive LLM backbones and exhaustive evaluation of
all 24 upgrade configurations, ShapleyFlow yields
interaction-aware component attributions, reveals
systematic cross-domain interaction patterns, and
supports Shapley-guided configuration recommen-
dations that are strongest within the evaluated
model pool.

We summarize our contributions as follows:
• Upgrade-coalition formulation for model

allocation. We formalize model assignment
in agentic workflows as an upgrade coalition
game, where players are component upgrade
decisions and each coalition corresponds to
an executable end-to-end configuration under
a fixed workflow.

• Executable Shapley attribution protocol.
We provide a practical evaluation protocol that
computes Shapley attributions over compo-
nent upgrades, enabling principled analysis of
marginal contributions and non-additive inter-
actions for modular workflows.

• Benchmark and validated configuration
recommendation. We introduce CapaBench
(1,500+ tasks across 7 domains) and show that
Shapley attributions serve as effective signals
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for configuration recommendation within a
fixed workflow.

Related Work

Agentic Workflow Systems

Agentic workflows have shifted AI system de-
sign from monolithic models to orchestrated multi-
component architectures. ReAct (Yao et al.,
2023b) demonstrated the effectiveness of struc-
tured reasoning–action cycles, and AutoGPT (Grav-
itas, 2023) advanced this paradigm through it-
erative planning, tool use, and self-reflection.
MetaGPT (Hong et al., 2023) further refined work-
flow orchestration with hierarchical planning and
role-based coordination. These frameworks es-
tablish effective workflow patterns but primarily
emphasize construction and execution, providing
limited tools for attribution and principled model
allocation across components. Recent work ex-
plores automated agentic system optimization, in-
cluding prompt- and topology-level improvements
for multi-agent systems (Zhou et al., 2025; Hu et al.,
2025). These approaches focus on end-to-end per-
formance and do not provide component-level at-
tribution or interaction analysis.

Workflow Analysis and Evaluation

Evaluation frameworks for agentic systems have
evolved from task-centric benchmarks to broader
capability assessments. AgentBench (Liu et al.,
2023) evaluates diverse scenarios but largely
reports end-to-end success without isolating
component-level effects. MMAU (Yin et al., 2024)
evaluates multiple skills yet still maps capabilities
to tasks in a way that makes component-level attri-
bution difficult. Recent benchmarks such as Omni-
ACT (Zhang et al., 2024) and AgentQuest (Yang
et al., 2024a) expand coverage but remain largely
black-box with respect to workflow internals. Re-
cent benchmarks evaluate agentic systems in more
realistic and long-horizon settings and agentic
workflow generation (Chan et al., 2025; Yang et al.,
2025; Qiao et al., 2025). They primarily report
end-to-end results and offer limited insight into
component-level contributions. ShapleyFlow ad-
dresses this gap by attributing performance to com-
ponent upgrades and quantifying interaction effects,
enabling actionable guidance for model allocation
and configuration recommendation.

Agentic Workflow Analysis Framework

We introduce ShapleyFlow, an executable proto-
col for interaction-aware attribution and configu-
ration recommendation in modular agentic work-
flows. The Shapley value, introduced by (Shapley,
1952; Hart, 1989; Cohen et al., 2007; Lundberg and
Lee, 2017; Ghorbani and Zou, 2019), provides a
solution concept for cooperative games that fairly
distributes the rewards among players according to
their marginal contributions. ShapleyFlow instanti-
ates cooperative-game attribution over component
upgrade decisions, the relevant decision unit for
model allocation under a fixed workflow decompo-
sition.

Model allocation as a two-level problem. We
study model allocation under a fixed workflow de-
composition at two levels. (1) Upgrade attribu-
tion. For each candidate model m ∈ M, we define
an upgrade-coalition game relative to a shared base-
line assignment: a coalition S ⊆ N corresponds
to an executable workflow where components in
S are upgraded to use m while N \ S remains
at baseline. We evaluate all 2|N | coalitions and
compute exact Shapley values {ϕ(m)

i }i∈N , which
quantify the interaction-aware gain of upgrading
component i to model m across all upgrade con-
texts. (2) Allocation over a pool. We then use the
per-model Shapley profiles {ϕ(m)

i } as a practical
signal to recommend a mixed assignment from M
(potentially choosing different models for different
components). This second step is a recommen-
dation heuristic built on the upgrade-attribution
protocol, rather than a new Shapley estimator or a
direct solution to a single multi-choice cooperative
game.

Game-Theoretic Formulation: Upgrade
Attribution

Players and executable coalitions. Let N de-
note the set of workflow components. We fix a
workflow structure, component interfaces, and or-
chestration logic. A baseline assignment ∅ uses a
baseline model for all components. An upgrade
coalition S ⊆ N is defined as an executable work-
flow configuration in which components in S are
upgraded to a target implementation (or a chosen
model), while the remaining components N \ S
stay at baseline. Thus, different coalitions differ
only by which components are upgraded.
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Algorithm 1 ShapleyFlow: Two-Level Protocol
1: Input: workflow components N ; tasks T ; baseline as-

signment b; model poolM
2: Output: Shapley profiles {ϕ(m)

i } and mixed assignment
â

3: for all m ∈M do
4: // Level 1: per-model upgrade attribution
5: for all S ⊆ N do
6: Instantiate executable config am,S : use m on S,

baseline b on N \ S
7: Perfm(S)← 1

|T |
∑

t∈T I[success(t, am,S)]

8: end for
9: vm(S)← Perfm(S)− Perfm(∅) (vm(∅) = 0)

10: Compute {ϕ(m)
i }i∈N from {vm(S)}S⊆N via Eq. (3)

11: end for
12: // Level 2: pool-level recommendation (heuristic)
13: m⋆

i ← argmaxm∈M ϕ
(m)
i ∀i ∈ N

14: â(i)← m⋆
i ∀i ∈ N

15: return {ϕ(m)
i } and â

Performance and characteristic function. For
a task set T , u(t, S) ∈ [0, 1] denote the task-level
utility of executing coalition S on task t. We define
the end-to-end performance of coalition S as

Perf(S) =
1

|T |
∑

t∈T
u(t, S). (1)

where success(t, S) indicates whether the work-
flow configured by coalition S completes task t.
We define the cooperative game G = (N, v) using
the gain over baseline:

v(S) = Perf(S)− Perf(∅), (2)
so that v(∅) = 0 by construction. This choice
ensures that attributions quantify improvements rel-
ative to the baseline workflow.

Shapley attribution over component upgrades.
For the game G = (N, v), the Shapley value for
component i ∈ N is

ϕi(v) =
∑

S⊆N\{i}

|S|!(|N | − |S| − 1)!

|N |!
(
v(S∪{i})−v(S)

)
.

(3)

The term v(S ∪ {i}) − v(S) is the marginal gain
of upgrading component i in the context of coali-
tion S, and the combinatorial weight averages this
marginal gain over all possible upgrade orders. Un-
der our definition of v(S), ϕi(v) can be interpreted
as the expected performance gain over baseline
attributable to upgrading component i, while ac-
counting for non-additive interactions with other
upgraded components.

Evaluation Protocol
Algorithm 1 summarizes our two-level protocol.
For each target model m ∈ M, we exhaustively

Figure 2: A 4-component agentic workflow with Plan-
ning (P), Reasoning (R), Action (A), and Reflection (F).

evaluate all upgrade coalitions S ⊆ N to obtain
vm(S) and compute per-model Shapley profiles
ϕ
(m)
i (Level 1). We then construct a mixed assign-

ment â using ϕ
(m)
i as a recommendation signal

(Level 2), and report its end-to-end performance.

Workflow Instantiation
To demonstrate applicability, we instantiate Shap-
leyFlow on a four-component workflow: Planning
(P), Reasoning (R), Action (A), and Reflection
(F) (Brown et al., 2020; Yao et al., 2023b; Wei
et al., 2022; Gravitas, 2023; Shinn et al., 2023;
Hong et al., 2023; Guo et al., 2024; Yin et al.,
2024).These components are fundamental for task
decomposition, logical inference, action execu-
tion, and iterative improvement, following estab-
lished patterns in agentic systems literature. While
real-world systems may implement these functions
through more specialized sub-components, we pro-
vide a representative case that balances analytical
tractability with comprehensive coverage of key
agentic capabilities.

For a new task, the workflow operates as follows:

• Planning (P): initiates the process by decom-
posing the task into subtasks and analyzing
required resources/conditions. Planning op-
erates in single-turn mode, establishing the
initial task structure.

• Reasoning (R): receives the task, current ob-
servations, and planning output to analyze the
next step progression.

• Action (A): takes planning context and cur-
rent reasoning analysis to generate properly
formatted actions.

• Reflection (F): is triggered based on task-
specific conditions to analyze encountered
problems, failure causes, and improvement
suggestions. This feedback is integrated into
subsequent reasoning prompts.

As illustrated in Figure 2, for each task, Plan-
ning operates in single-turn mode to propose a
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Table 1: CapaBench Dataset Statistics

Category Shopping Navigation Ticket Math ATP RobotCoop OS

Subcategory Black White None None Algebra Geometry Coq Lean4 Isabelle None None

Count 48 62 250 150 250 250 111 111 111 100 102

high-level plan, while Reasoning and Action fol-
low a multi-turn interaction pattern (consistent with
ReAct-style agents), and Reflection is triggered by
task-specific conditions to provide feedback used
in subsequent turns. This fixed interface ensures
that all coalitions differ only by component im-
plementation, making performance comparisons
across coalitions semantically meaningful.

Benchmark Construction
To study model allocation at the component level,
we construct CapaBench (Capability-level Assess-
ment Benchmark), a benchmark of 1,500+ agentic
workflows spanning seven domains. Table 1 reports
the distribution of tasks across categories. Imple-
mentation details are provided in the supplementary
material. We start from established task scenarios
and systematically redesign them to reflect agent-
specific requirements (multi-step decomposition,
tool-mediated execution, and failure-aware recov-
ery). Our construction follows three principles. (1)
Component integration. Every task is designed
such that solving it requires meaningful coordina-
tion across P/R/A/F rather than a single-shot re-
sponse. (2) Agent-realistic complexity. We intro-
duce dynamic constraints, multi-turn feedback, and
tool/environment interactions to mirror practical
agent deployments. (3) Capability coverage. We
ensure tasks collectively span the core capability
spectrum targeted by modular workflows, including
planning under constraints, multi-step reasoning,
precise action formatting/execution, and reflection-
based error recovery.

CapaBench includes seven task types grouped
into three super-categories:
• Daily Activities: Online Shopping (Yao et al.,

2023a), Navigation Planning (Lin et al., 2024),
Ticket Ordering (Lin et al., 2024).

• Computation: Mathematical Solver (Hendrycks
et al., 2021), Automatic Theorem Proving
(ATP) (Zheng et al., 2021; The Coq Develop-
ment Team, 2024; The Lean Prover Team, 2024;
The Isabelle Team, 2024), Operating System in-
teraction (OS) (Liu et al., 2023; The learnGit-
Branching Team).

• Role Control: Multi-agent Robot Coordination
(RobotCoop) (Mandi et al., 2023).

Across categories, we explicitly instantiate
agent-centric mechanisms that are typically absent
from static QA benchmarks. In Math, tasks re-
quire tool-mediated solving: the agent must de-
cide when to invoke search/compute tools and ver-
ify intermediate results. In ATP, success depends
on producing executable proof scripts (e.g., Co-
q/Lean/Isabelle), making action precision and iter-
ative debugging essential. In interactive environ-
ments (Shopping, OS, RobotCoop), agents must
reach a target state via valid environment actions
under step budgets. For each task, success is de-
termined by the underlying environment or verifier
(e.g., purchase completion, constraint satisfaction,
proof-checking pass/fail, OS command outcomes,
or goal-state achievement). Reference solutions
are manually reviewed to ensure correctness and
consistency with the success criteria.

Experiments

Experimental Setup
We apply ShapleyFlow to analyze component con-
tributions across 1,500+ agentic workflows using
systematic configuration testing. For each work-
flow, we employ Llama3-8B-Instruct as the base-
line implementation for all components (Planning,
Reasoning, Action, Reflection), then systematically
replace components with target implementations to
evaluate all 24 = 16 possible configurations. This
approach isolates the contribution of each compo-
nent upgrade while maintaining consistent baseline
conditions.

The choice of Llama3-8B-Instruct as the de-
fault model implementation is motivated by three
factors: (1) it is open-source and easy to deploy
at scale, making it practical for large-scale experi-
ments; (2) its lightweight architecture ensures ef-
ficient evaluation of thousands of workflows; (3)
its moderate task success rates create a balanced
baseline, allowing the performance impact of re-
placing components with more advanced models
to be clearly observed and quantified.

We evaluate 9 classic LLMs across 3 categories:

• API Models: Claude-3.5-Sonnet (Anthropic,
2024), GPT-4-turbo (OpenAI, 2023), GPT-4o-
mini (OpenAI, 2024), GLM-4-air (THUDM,
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Table 2: Results Across Datasets. Metrics for baseline models are highlighted in blue. The evaluation covers 9
models across 7 tasks. Results marked with ‘*‘ below each dataset indicate the best-performing combinations
computed based on Shapley Value.

Dataset Metric
Llama3

8B
Claude
3.5

gpt-4o
mini

glm-4
air

qwen2.5
32B

Mistral
8X7B

Mistral
7B

gpt-4
turbo

doubao
pro-4k

Llama3
70B

Online
Shopping

Acc: 43.31*

P – -0.004 0.071 0.106 -0.030 -0.048 0.024 0.026 0.071 -0.028
R – 0.019 -0.025 0.077 0.004 0.036 0.016 -0.074 0.011 0.005
A – 0.056 0.068 -0.059 0.156 0.080 0.004 0.014 -0.045 0.117
F – -0.009 -0.003 -0.011 -0.021 -0.015 -0.022 0.024 -0.040 -0.030

Acc (%) 26.27 32.43 37.43 37.50 37.18 31.67 28.48 25.31 25.95 32.61

Navigation
Planning

Acc: 74.42*

P – 0.000 0.006 0.001 -0.002 0.021 0.023 0.008 0.001 -0.009
R – 0.030 0.027 -0.008 0.012 -0.035 0.055 0.014 -0.003 -0.019
A – 0.106 0.081 0.005 0.099 0.048 0.042 0.099 -0.051 0.046
F – -0.006 0.002 -0.021 0.018 -0.029 0.007 0.004 -0.033 -0.011

Acc (%) 58.70 71.90 70.29 61.91 68.26 64.45 71.48 71.23 50.90 59.32

Ticket
Ordering

Acc: 67.18*

P – 0.003 0.032 -0.195 0.119 0.183 -0.111 -0.043 0.151 0.004
R – 0.186 0.243 0.172 0.181 0.054 -0.070 0.301 -0.001 0.089
A – 0.217 0.049 -0.020 -0.000 -0.083 -0.020 0.028 0.006 -0.275
F – 0.024 0.005 -0.006 0.043 -0.011 0.002 0.058 -0.027 -0.001

Acc (%) 19.94 62.85 51.82 15.01 54.25 34.24 0.00 54.37 32.88 1.59

Math
Acc: 83.80*

P / 0.038 0.067 0.056 0.065 0.005 -0.060 0.048 0.115 0.028
R / 0.131 0.021 0.044 0.107 0.003 -0.000 0.065 0.059 0.031
A / 0.442 0.343 0.348 0.483 0.164 -0.044 0.492 0.182 0.327
F / 0.042 0.043 0.005 0.031 -0.014 -0.003 0.022 -0.002 0.006

Acc (%) 18.00 83.40 65.40 63.20 86.60 33.80 7.20 80.60 53.40 57.20

ATP
Acc: 86.79*

P / 0.012 0.018 0.002 0.018 0.025 0.008 0.012 0.016 0.019
R / 0.057 -0.016 0.005 0.030 0.018 0.010 0.027 0.019 -0.056
A / 0.660 0.345 0.161 0.511 0.039 -0.009 0.541 0.084 0.125
F / 0.069 0.015 0.021 0.037 -0.011 -0.000 0.023 0.004 0.011

Acc (%) 5.45 85.29 41.74 24.32 65.17 12.61 6.31 65.77 17.72 15.32

Robot
Cooperation
Rwd: 92.63*

P – 0.114 0.075 -0.024 0.090 -0.005 -0.014 0.107 0.021 0.043
R – 0.388 0.189 0.116 0.268 0.033 -0.000 0.329 -0.004 0.152
A – 0.319 0.196 0.008 0.277 0.052 -0.021 0.316 0.204 0.175
F – 0.017 -0.003 -0.012 0.003 0.004 -0.001 0.001 -0.012 -0.008

Reward (%) 8.85 92.63 54.43 17.60 72.59 17.27 5.17 84.18 29.75 45.06

Operating
System

Acc: 60.78*

P – 0.078 0.042 0.047 0.060 0.032 0.004 0.050 0.065 0.077
R – 0.458 0.305 0.305 0.311 0.194 0.047 0.395 0.215 0.313
A – 0.071 0.065 0.041 0.053 0.009 0.019 0.070 0.060 0.040
F – -0.008 0.020 0.004 0.037 0.001 0.019 0.005 -0.006 0.012

Acc (%) 0.98 60.78 44.12 40.71 47.06 24.51 9.80 52.94 34.31 45.10

2024), Doubao-pro-4k (AI, 2024a).

• Mid-parameter Open-Source Models(40B-
100B): Llama3.1-70B-Instruct (AI, 2024b),
Mixtral-8x7B-Instruct (Jiang et al., 2024).

• Low-parameter Open-Source Models(≤32B):
Qwen2.5-32B-Instruct (Qwen et al., 2025),
Mistral-8B-Instruct (AI, 2023).

All experiments use consistent settings (tem-
perature=0.0, max tokens=2048, top-p=1.0) on
NVIDIA A100-80GB GPUs with vLLM for ef-
ficient inference. The evaluation metric is task suc-
cess rate, measuring the proportion of successfully
completed tasks across all tasks.

Component Contribution Attribution

Table 2 presents comprehensive component contri-
bution analysis across workflow categories. The
Planning (P), Reasoning (R), Action (A), and Re-
flection (F) rows report per-model Shapley val-
ues ϕ

(m)
i , which quantify the expected gain at-

tributable to upgrading component i to model
m, averaged over all upgrade contexts under the
upgrade-coalition game induced by m.

Configuration Recommendation for Workflow

We use Shapley values as a practical signal for
model allocation under a fixed workflow. Given a
model pool, we construct a recommended configu-
ration by assigning each component the model that
achieves the highest Shapley value for that compo-
nent (computed with respect to a shared baseline).
We mark the resulting configurations with ‘*’ in
Table 2. In our four-component setting, we can
explicitly evaluate the recommendation â and com-
pare it against the best configuration within the
evaluated search space (e.g., per-model upgrade
coalitions and selected mixed assignments). Empir-
ically, the Shapley-guided assignments consistently
reach the strongest in our experiments.

Component Impact Validation
Figure 3 shows that Shapley attributions are well
aligned with observed configuration performance
trends, highlighting how high-contribution com-
ponents tend to appear in high-performing config-
urations. Studying Claude-3.5-Sonnet on Math,
we observe clear correspondence between compo-
nent contributions and configuration performance.
High-Shapley configurations like (P,R,A) achieve
78.0% success rate, dramatically outperforming
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(P,R,A,F)
(R,A,F)

(P,R,A) (R,A)
(P,A,F) (P,A) (A,F) (A) (P,R)

(P,R,F) (R,F) (R) (F) ( ) (P,F) (P)

Configurations

0.0

0.2

0.4

0.6

0.8
Ac

cu
ra

cy
84.4% 80.0% 78.0%

69.6% 64.8% 63.2% 62.0% 58.8%
42.0% 41.6% 38.8% 38.0%

21.6% 21.6% 21.2% 18.4%

Figure 3: Results of all combinations in Math (Algebra) for Claude-3.5-Sonnet under different configurations. The
pattern of the bars indicates the number of components (ranging from 0 to 4) that Claude is involved in.

(a) Planning (b) Reasoning (c) Action (d) Reflection

Figure 4: Comparison of Shapley values under different default models.

the 21.6% baseline. Incremental improvements
align with predictions: adding Planning alone im-
proves performance to 18.4%, while (P,A) reaches
63.2%. Low configurations like (P,F) yield poor
performance (21.2%), confirming Shapley values
accurately quantify component importance.

Analysis
Cross-Domain Optimization Patterns Figure 5
demonstrates distinct optimization strategies across
workflow categories. Computation-intensive work-
flows (Math, ATP-Coq) benefit most from Ac-
tion component upgrades, while interactive work-
flows (OS, RobotCoop) show strongest gains from
Reasoning-Planning combinations. This system-
atic analysis enables domain-specific optimization
strategies, guiding practitioners toward the most ef-
fective component investments for their use cases.

Component Specialization Patterns Our com-
prehensive analysis shows systematic component
specialization across workflow types:

• Reasoning-Dominant Workflows: Interac-
tive scenarios (Ticket, RobotCoop, OS) show
highest Reasoning contributions. These work-
flows require dynamic decision-making, con-
straint balancing, and real-time adaptation.
Strong Reasoning components enable effec-
tive uncertainty handling and logical inference
under evolving conditions.

• Action-Dominant Workflows: Precision-
critical tasks (Shopping, Math, ATP) prior-
itize Action components. These workflows
demand exact procedural execution, syntactic
correctness, and systematic verification. Ro-

bust Action components ensure reliable step-
by-step execution without errors.

• Reflection Component Analysis: Across
most workflow types, Reflection shows con-
sistently lower Shapley value, indicating lim-
ited impact on task performance. This pat-
tern likely stems from two factors: (1) suc-
cess rates inadequately capture reflection qual-
ity, a model’s ability to analyze its own mis-
takes doesn’t directly translate to improved
outcomes; (2) without guidance from stronger
models, Reflection struggles to identify error
root causes, limiting practical effectiveness in
driving performance improvements.

Quantitative Analysis of Component Synergy
ShapleyFlow enables quantitative analysis of pair-
wise interaction effects between components. In
computation-intensive tasks (Math, ATP), the
strongest positive synergies consistently occur be-
tween Reasoning and Action, indicating that exe-
cution gains depend on the availability of strong
reasoning. In contrast, interactive environments
(Robot Cooperation, Operating System) exhibit
higher synergies between Planning and Reason-
ing, reflecting the need for coordinated anticipa-
tion and decision-making. Across most domains,
interactions involving Reflection are weak or in-
consistent, consistent with its low Shapley values
under success-rate metrics. Overall, these results
confirm that component utilities are non-additive
and highlight the importance of interaction-aware
allocation beyond standard ablations.

Framework Robustness Analysis We validate
framework robustness by testing sensitivity to
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Figure 5: Radar plot comparing model performance across tasks with key contributions.

baseline model selection. Replacing Llama3-8B-
Instruct with GPT-3.5-Turbo as the baseline model,
we re-analyze component contributions across
Robot Cooperation workflows. Figure 4 shows ab-
solute Shapley values shift with baseline strength,
but relative component rankings remain highly con-
sistent. We use the pairwise consistency metric to
quantify ranking stability:

Consistency Rate =
Consistent Model Pair Rankings

Total Model Pairs
(4)

Results show strong consistency: Reasoning
(91.67%), Action (86.11%), Planning (72.22%),
with overall rate of 85.18%. This demonstrates that
ShapleyFlow provides reliable contribution attribu-
tion regardless of baseline choice, ensuring robust
optimization recommendations.

Attribution Consistency Validation To validate
that ShapleyFlow’s contribution attribution aligns
with traditional evaluation methods, we conduct a
consistency study by applying both ShapleyFlow
and GPT-o1-mini based LLM-as-judge on suc-
cessful Algebra workflow trajectories. We eval-
uate 2,180 single-step workflow samples, where
GPT-o1-mini assesses semantic rationality and
task completion for Planning/Reasoning compo-
nents, and logical comprehension for Action com-
ponents. Figure 6 demonstrates strong correlation
between Shapley values and independent GPT as-
sessment scores across different components: Plan-
ning (0.81), Reasoning (0.77), Action (0.67). The
consistent ranking patterns across diverse methods
confirm that ShapleyFlow’s contribution attribution
captures component-specific capabilities that align
with existing automated evaluation approaches.

Comparison with Ablation Study One-factor
ablation is sample-efficient (n+1 runs) but can be
misleading for agentic workflows because the ef-
fect of upgrading a component depends on which

Figure 6: Planning, Reasoning, Action results on Alge-
bra. The left Y-axis shows Shapley values with solid
lines and the right shows GPT scores with dashed lines.

other components are upgraded alongside it. In
ablation, the “contribution” of a component is mea-
sured in a single fixed context (e.g., holding all
other components at baseline), so the conclusion
can change if we choose a different reference con-
figuration. This is especially salient for compo-
nents such as Reflection, whose utility often de-
pends on whether Action has produced informative
observations and whether Reasoning has formed a
coherent hypothesis to debug. ShapleyFlow pays
the extra cost of evaluating all 2|N | coalitions (16
vs. 5 for |N | = 4) and attributes gains by aver-
aging a component’s marginal improvement over
all interaction contexts induced by other upgrades,
yielding attribution that is not an artifact of a par-
ticular ablation path and that faithfully captures
non-additive interactions.

Conclusion
We present ShapleyFlow, a game theoretic ap-
proach for attributing and optimizing agentic work-
flows. ShapleyFlow computes Shapley values over
component coalitions to quantify both marginal
contributions and interaction effects among plan-
ning, reasoning, action, and reflection. Across 9
LLMs and 1,500+ tasks in 7 domains, our analysis
yields actionable configuration recommendations
and empirical guidelines for allocating model ca-
pacity across workflow components.
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Limitations

Scalability. Exact Shapley-value attribution re-
quires evaluating all 2|N | upgrade coalitions, which
can be computationally prohibitive for workflows
with many components. While our study uses a
four-component decomposition to enable exhaus-
tive evaluation, scaling ShapleyFlow to more fine-
grained architectures may require (i) restricting at-
tribution to task-relevant or budget-relevant subsets
of components, and/or (ii) adopting approximation
techniques such as KernelSHAP (Lundberg and
Lee, 2017), SVARM (Kolpaczki et al., 2024), and
other sampling-based estimators.

Attribution choice. We adopt the Shapley val-
ues due to its axiomatic guarantees and its ability
to capture non-additive effects through coalition
averaging. However, other cooperative-game attri-
butions such as the Banzhaf value (Dragan, 1996)
may yield different trade-offs between interpretabil-
ity and computational cost, and interaction-focused
extensions (e.g., Shapley interactions (Muschalik
et al., 2024)) could provide a more expressive view
of higher-order component synergies. Exploring
these alternatives may improve attribution fidelity
and support more scalable configuration guidance
for modular agentic workflows.

Pool-level recommendation. Our pool-level
mixed assignment â is a heuristic built on per-
model Shapley profiles and does not provide opti-
mality guarantees over the full combinatorial space
M|N |. It is intended as a practical decision sig-
nal; stronger search/optimization strategies (e.g.,
constrained search over M|N |) are complementary.
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Appendix for Dataset Details

Our benchmark provides a carefully designed eval-
uation system that tests the key abilities needed
for effective agent systems. Instead of simply us-
ing existing environments, we have thoughtfully
redesigned and improved seven task categories to
create a well-rounded capability assessment frame-
work. These tasks evaluate four core agent abilities:
(1) planning (including breaking down tasks step
by step and handling resource limits), (2) reason-
ing (such as logical thinking and using background
knowledge), (3) action (like changing the envi-
ronment or making choices through interaction),
and (4) reflection (mainly analyzing failures and
recovery). The chosen tasks, covering Daily Ac-
tivities (Shopping, Navigation, Ticket), Computa-
tion (Math, ATP, OS), and Role Control (Robot),
together offer a broad and realistic test of agent
performance across different situations.

Table 3: Capability and number of data per dataset. P, R, A,
F represent Planning, Reasoning, Action, Reflection. Check-
marks indicate the emphasis of each capability in per task.

Daily Activities Computation Tasks Role Control

Shopping Navigation Ticket Math ATP OS Robot

Sample Count 110 250 150 250 × 2 111 × 3 102 80

P
Task Steps ✓ ✓ ✓

Resource Constraints ✓ ✓ ✓ ✓

R
Logical Validation ✓ ✓ ✓

Knowledge Inference ✓ ✓ ✓ ✓

A
Environmental Actions ✓ ✓ ✓

Interactive Actions ✓ ✓ ✓ ✓

F Failure Analysis ✓ ✓ ✓ ✓ ✓ ✓ ✓

Importantly, while drawing inspiration from
established environments, we have substantially
extended each task with novel challenges, en-
hanced complexity, and rigorous evaluation met-
rics that specifically target modular agent capa-
bilities. This comprehensive construction ensures
our benchmark provides meaningful cross-cutting
insights about agent capabilities rather than just
environment-specific performance. Our bench-
mark encompasses over 1500 diverse task instances
across all categories, providing robust statistical
foundations for our Shapley Value-based attribu-
tion methodology. We ensure the quality and di-
versity of our tasks through manual or rule-based
construction, with each item reviewed by human
annotators to ensure it is accurate, clear, and rele-
vant to agent capabilities.
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Table 4: PRAF Experiment Results on Mathematics Tasks with ∆ Accuracy

Algebra Geometry
LLM Pt Rt At Ft Acc(%) ∆ Acc(%) Pt Rt At Ft Acc(%) ∆ Acc(%)

llama3-8B-instruct / / / / 21.6 / / / / / 14.4 /
Claude-3.5-Sonnet 0.021 0.177 0.398 0.031 84.4 62.8 0.055 0.085 0.486 0.054 82.4 68.0

gpt-4-turbo 0.058 0.082 0.456 0.020 83.2 61.6 0.038 0.047 0.527 0.025 78.0 63.6
qwen2.5-32B 0.059 0.146 0.436 0.011 86.8 65.2 0.071 0.067 0.530 0.051 86.4 72.0
gpt-4o-mini 0.070 0.020 0.313 0.053 67.2 45.6 0.065 0.024 0.368 0.035 63.6 49.2

doubao-pro-4k 0.124 0.086 0.178 0.004 60.8 39.2 0.105 0.032 0.186 -0.007 46.0 31.6
GLM-4-air 0.053 0.069 0.346 0.004 68.8 47.2 0.059 0.019 0.349 0.006 57.6 43.2
llama3-70B 0.040 0.051 0.321 0.007 63.6 42.0 0.015 0.011 0.333 0.005 50.8 36.4

Mistral-8X7B 0.006 -0.010 0.190 -0.010 39.2 17.6 0.004 0.016 0.138 -0.018 28.4 14.0
Mistral-7B -0.065 -0.015 -0.053 -0.003 8.0 -13.6 -0.055 0.014 -0.035 -0.004 6.4 -8.0

Online Shopping
The Online Shopping dataset is designed to eval-
uate agents’ planning, reasoning, and action ca-
pabilities in completing e-commerce tasks. The
dataset consists of 110 tasks, divided into two
parts: white-box tasks (62), which are from the
Webshop dataset, and black-box tasks (48), which
are expanded using GPT-4 to enhance instruction
diversity and complexity.

Dataset expansion was constructed by modifying
instructions from the original dataset. GPT-4 was
used to rephrase instructions for greater linguis-
tic diversity, adding context or background such
as “Next week is Halloween, and I need themed
decorations.” Additionally, parameters were en-
riched with attributes like size, color, or material
to increase task complexity. For challenging cases,
explicit prompts were created to guide planning,
for example, “First search for desks with wood
finishes, then filter by size and price.”

A typical instruction in Online Shopping might
be: “I’m looking for a small portable folding desk
that is already fully assembled; it should have a
khaki wood finish, and price lower than 140 dollars,
and length bigger than 40 inches.”

Agents are evaluated based on their ability to
follow optimal trajectories, such as:

• Ideal Trajectory 1: Search for all attributes
directly ("desk, wood, folding, khaki, 40
inches, $140") and proceed to the target item.

• Ideal Trajectory 2: Broad search ("desk,
wood, folding"), filter by price, and then refine
attributes (color, size).

Navigation Planning
The Navigation Planning dataset assesses collab-
orative itinerary generation with dynamic con-
straint adaptation, containing 250 tasks developed

through enhanced automated generation. As shown
in Figure 7, our framework extends (Lin et al.,
2024) with three key innovations:

• Precision Evolution: Each task begins with
three core requirements (e.g., "$3,000 budget
for 4 adults"), with 50% probability per in-
teraction round to introduce new constraints
from predefined pools (accessibility needs,
seasonal activities).

• Location Profiling: We implement stochastic
sampling of destination attributes:

– Accessibility: Transportation options
(train/bus connectivity)

– Amenities: Family/pet-friendly facilities
– Pricing: Seasonal price fluctuations

(±15%)

• Evaluation Protocol:We evaluate the ratio-
nality of the planned route, based on how well
the proposal aligns with user preferences, con-
sidering factors such as budget adherence, in-
clusion of specified activities, and efficient
travel distances.

A sample task evolves from initial requirements
"7-day Japan tour under $4k" to include "must
visit at least two UNESCO sites" during planning.
Agents must preserve previous constraints while
integrating new ones, testing sequential reasoning
capabilities. Our automated validator ensures so-
lution feasibility through geographic coordinate
verification and budget accounting simulations.

Ticket Ordering.
The Ticket Ordering task evaluates the ability of
agents to collaboratively provide the best flight
combinations for two users. The dataset consists
of 150 tasks, which are designed to benchmark the
performance of different agents in ticket ordering.
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Table 5: Experiment Results on Automatic Theorem Proving Tasks with ∆ Accuracy

Coq Lean 4 Isabelle
LLM Pt Rt At Ft Acc(%) ∆ Acc(%) Pt Rt At Ft Acc(%) ∆ Acc(%) Pt Rt At Ft Acc(%) ∆ Acc(%)

llama3-8B / / / / 6.4 / / / / / 2.7 / / / / / 7.2 /
Claude-3.5 0.010 0.067 0.795 0.027 96.4 90.0 0.002 0.059 0.662 0.098 84.7 82.0 0.025 0.046 0.523 0.082 74.8 67.6
gpt-4-turbo 0.032 0.038 0.706 0.024 86.5 80.1 -0.015 -0.006 0.375 0.033 41.4 38.7 0.020 0.048 0.542 0.012 69.4 62.2
qwen2.5-32B 0.014 0.029 0.615 0.026 74.8 68.4 -0.007 0.020 0.486 0.050 57.7 55.0 0.048 0.041 0.434 0.036 63.1 55.9
gpt-4o-mini 0.038 -0.016 0.391 0.018 49.5 43.1 -0.013 -0.020 0.396 0.007 39.6 36.9 0.030 -0.012 0.249 0.021 36.0 28.8

doubao-pro-4k 0.007 0.039 0.204 0.001 31.5 25.1 -0.017 0.029 0.095 0.028 16.2 13.5 0.035 0.007 -0.064 0.004 5.4 -1.8
GLM-4-air 0.015 0.016 0.115 0.033 24.3 17.9 -0.004 0.005 0.193 0.013 23.4 20.7 -0.006 -0.006 0.176 0.017 25.2 18.0
llama3-70B 0.018 -0.137 0.190 0.009 14.4 8.0 -0.005 -0.000 0.030 0.020 7.2 4.5 0.043 -0.032 0.155 0.005 24.3 17.1
Mistral-8X7B 0.014 0.056 0.122 0.014 27.0 20.6 0.003 -0.017 0.068 -0.018 6.3 3.6 0.058 0.014 -0.071 -0.028 4.5 -2.7
Mistral-7B 0.018 0.013 0.028 -0.015 10.8 4.4 0.020 0.011 0.012 0.012 8.1 5.4 -0.014 0.006 -0.068 0.003 0.0 -7.2

best / / / / 94.6 +88.2 / / / / 87.4 +84.7 / / / / 78.4 +71.2

Figure 7: An Example of Navigation Planning.

Inspired by the framework presented by (Lin
et al., 2024), we build our evaluation framework
based on their structure. Specifically, we use the
provided code to generate the dataset, which in-
cludes two users’ calendars. The tasks are created
by combining the users’ calendar data, and agents
are then asked to provide flight recommendations
based on this information.

Table 2 shows the experimental results for the
Ticket Ordering task. The baseline model achieves
an accuracy of 19.94%. Claude-3.5-Sonnet
achieves the highest accuracy of 62.85%, im-
proving by +42.91%. gpt-4-turbo-0409 fol-
lows with an accuracy of 54.37%, improving
by +34.43%. The accuracy range, from 0.0%
(Mistral-7B-Instruct) to 62.85%, highlights
the dataset’s ability to differentiate models based
on their performance.

The dataset emphasizes Reasoning and
Action capabilities, as seen in the high R
and A Shapley values for top models like
Claude-3.5-Sonnet, gpt-4-turbo-0409, and
qwen2.5-32b-Instruct. Models with stronger
Reasoning and Action abilities show signifi-
cant accuracy improvements, whereas those
with lower values for these modules, such as
Mistral-7B-Instruct, experience considerable
performance deficits.

Math Solver

The Math Solver dataset evaluates agents’ planning,
reasoning, and action capabilities in solving diverse
mathematical problems, with a particular focus

on tool usage during the problem-solving process.
This dataset is divided into two categories: Alge-
bra and Geometry, comprising a total of 500 tasks
(250 Algebra tasks and 250 Geometry tasks).

Dataset Construction. The dataset is derived
from the MATH dataset and enhanced with GPT-4
to improve diversity and relevance. The MATH
dataset’s original structure includes a large number
of highly similar questions without detailed knowl-
edge point categorization, making evaluation costly
and inefficient. To address this, we synthesized new
data by:

(1) Summarizing Knowledge Points: All prob-
lems in the MATH dataset were analyzed us-
ing GPT-4 to extract a comprehensive list of
key concepts.

(2) Condensing Categories: GPT-4 distilled the
extracted concepts into 10 key knowledge
points for Algebra and Geometry, respec-
tively.

(3) Mapping Labels: Each problem in the original
dataset was mapped to one of the 10 knowl-
edge points and assigned a difficulty level
(1–5).

(4) Synthesizing New Problems: For each unique
combination of knowledge point and difficulty
level, GPT-4 generated five new problems, en-
suring coverage across all categories.

Overall, both algebra and geometry each include
ten knowledge points. Each knowledge point is
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Figure 8: An Example Problem in Three Languages of Automatic Theorem Proving.

divided into five levels, and for each combination,
there are five problems. Therefore, the total amount
of data is 2×10×5×5 = 500. Knowledge points
and corresponding examples can be seen in Table.6.

Automatic Theorem Proving
The Automatic Theorem Proving dataset evalu-
ates agents’ capabilities in solving formal proof
problems, focusing on generating code for logical
proofs. The dataset includes three categories: Coq,
Lean 4, and Isabelle, with a total of 333 tasks (111
tasks per category).

Dataset Construction. The dataset originates
from 111 Coq problems curated from course mate-
rial, covering the following topics:

(1) Algebraic Calculations, e.g., derivation of lin-
ear systems.

(2) Properties of Functions, e.g., translation and
monotonicity of functions.

(3) Properties of Recursive Structures, e.g., oper-
ations on tree structures.

(4) Logical Problems, e.g., relationships between
AND, OR, and NOT.

(5) Properties of Natural Numbers, e.g., proving
6 is not a prime number.

These proof problems serve as introductory ex-
ercises in college formal proof courses, focusing
on basic syntax and simple logical relationships.
They are challenging for students, making them a
suitable benchmark for evaluating the performance
of LLMs.

To comprehensively assess LLMs’ formal proof
capabilities, these problems were further translated

into Lean 4 and Isabelle versions. Coq, Lean 4, and
Isabelle are widely used formal proof languages,
and using multiple languages allows for a more
rigorous comparison of model capabilities.

Operating System

The Operating System dataset evaluates an agent’s
ability to interact with a simulated OS terminal by
executing commands to address OS-related tasks,
comprising 71 Ubuntu terminal tasks and 31 Git
tasks.

In Ubuntu tasks, agents are required to propose
bash commands to execute in Ubuntu Terminal and
get feedback from the terminal to complete the
task. We utilized the AgentBench-OS framework
to employ the evaluation.

We enhanced the automated data generation
method from AgentBench-OS to construct our new
dataset, primarily generating operation-type data.
The original method leverages LLMs to generate
tasks and employs unit tests to ensure their accu-
racy. While creating the dataset, we used specific
prompts to guide the generation of desired data
types. The dataset comprises 71 AgentBench-OS
tasks, categorized into 40 file system manipulation,
20 system setting, and 11 process running tasks.

For the git tasks, we selected data from learn-
gitbranching. The learngitbranching website itself
is a tutorial git beginner. It provides terminal and
sandbox environment that simulates git using a tree
structure. Git tree dynamically updates along with
each git command from the terminal. Given ini-
tial and target states for both local and remote git
trees, agents must interact with the git tree via the
terminal to transform it from its initial state to the
target state. The dataset assesses proficiency in
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Figure 9: Illustration of OS-git task.

Table 6: Categories and Examples of Operating System Datasets

Category Category Description Related Commands Example Task Description

File System
Manipulation

Evaluate the knowledge of basic
file system manipulation

operation such as creating,
deleting, copying, moving,

compressing and listing files and
directories.

mkdir, touch, zip,
tar, ls, rm

List all files larger than 1MB
inside the ’/var/log’ directory

and write the list to a file named
’large_files.txt’ in the home

directory.

System Setting

Evaluate the knowledge of
system setting such as disk
partition, OS version, user

management.

df, useradd,
groupadd, uname,
chmod, whoami,

chown

A user needs permission to read
a file in ’/var/private/info.txt’.
Grant read access to all users.

Process Running
Evaluate the knowledge of

processes management
renice, gcc, g++,

python

Change the priority of the
process with PID stored in

/tmp/pidfile to a nice value of 10.

fundamental git commands and their combination
to execute advanced git functionalities.

Robot Cooperation

The Robot Cooperation dataset evaluates agents’
planning, reasoning, action, and reflection capabili-
ties in multi-robot collaboration tasks. The dataset
includes 100 tasks, designed to benchmark perfor-
mance in robot planning scenarios.

Framework and Dataset Construction. The
dataset is built upon the RoCoBench environment
framework, which provides an environment simu-
lator and reward mechanisms for multi-robot col-
laboration tasks. We extended the original task set
by introducing sequential constraints and leverag-
ing random seed variations to generate diverse task
instances.

• Task Extension: Sequential constraints were
added to existing tasks, making them more
complex. Examples include:

– Sweep Floor Task: Added order con-
straints. In the Sweep RGB task, robots
must first sweep the Red Cube into the

dustpan and dump it into the bin, fol-
lowed by the Green Cube, and finally the
Blue Cube.

– Arrange Cabinet Task: Introduced se-
quential object retrieval. In the Cabi-
netCup task, robots must first place the
Cup on the Cup Coaster, followed by
placing the Mug on the Mug Coaster.

– Sandwich Task: Expanded with addi-
tional recipes requiring more planning
steps.

• Task Instances: Random seed variations in
the RoCoBench environment were used to
create different initial states, generating 100
unique task instances. Each instance was man-
ually verified to ensure it has a correct solu-
tion, ensuring robustness and reliability for
model evaluation.

Reward Mechanism Improvements. To better
evaluate model capabilities, we proposed new re-
ward methods tailored to the characteristics of the
extended tasks:
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• Tasks were divided into smaller sub-tasks with
rewards granted for completing each sub-task
in sequence.

• For example, in the Sweep RGB task, rewards
are distributed as 1

3 for successfully complet-
ing each step (e.g., sweeping the Red Cube,
Green Cube, and Blue Cube in order). This
approach incentivizes correct sequencing and
provides granular feedback on agent perfor-
mance.

• These new reward methods ensure even
smaller models can effectively receive feed-
back, improving evaluation sensitivity.

Model Differentiation Enhancements. To fur-
ther enhance the differentiation capability of the
models, we adopt a method where multiple actions
are proposed within a single interaction. This ap-
proach, combined with a constraint on the number
of timesteps, improves the differentiation among
models. By allowing the agent to plan and pro-
pose multiple actions at once, we can better assess
the agent’s planning and reasoning abilities. The
constraint on timesteps ensures that the agent must
efficiently utilize its planning capabilities within a
restricted timeframe, thereby providing a clearer
distinction between the performance of different
models.

Prompt Example

prompt_system_planning = """
Welcome to the Online Shopping Challenge

! Four LLM agents are working
together to do web -shopping tasks
step by step (planning -> reasoning
-> acting -> reflecting). They are
responsible for planning , reasoning ,
acting , and reflecting respectively

.
You are the first llm agent , who is a

helpful web -shopping guidance
assistant in charge of planning.

Your role is to assist players by
generating strategic plans based on
the game's instructions.

Here is how the game is structured:
- Each round , you will be given an

instruction that describes the
objective need to achieve.

- Based on the instruction , you are to
generate a clear and brief strategic
plan.

- Your plan will be used to guide other
agents through the shopping site
efficiently.

- If there is no response click[Buy Now]
within 15 actions , the game fails.

Your Responsibilities:
- Analyze the original problem and break

it into clear , actionable steps.
- Ensure the steps are logically ordered

and comprehensive for achieving the
goal.

- Use concise language , focusing only on
the key actions needed to complete

the task successfully.

OUTPUT FORMAT:
Keep your response concise and structure

:
Strategic Plan: (A list of sequential

steps to achieve the objective)
Step 1: ...
Step 2: ...
Step 3: ...

(Add more steps as necessary , but keep
it streamlined and goal -oriented)

Enclose the plan with three backticks
```.

For example:
"""

prompt_system_reasoning = """
Welcome to the Online Shopping Challenge

!
Four llm agents are working together to

do web -shopping tasks step by step(
planning -> reasoning -> acting ->
reflecting). They are responsible
for planning , reasoning , acting and
reflecting respectively.

You are the second LLM agent , who is a
helpful web -shopping guidance
assistant in charge of reasoning.

Your reasoning thought will guide the
acting agent in making informed
decisions. You should generate a
thought that will be used as part of
the PROMPT for acting agents.

In each round , following information
will be given to you:

1. CURRENT OBSERVATION AND AVAILABLE
ACTIONS

2. PLANNING STRATEGY
3. HISTORICAL ACTIONS
4. REFLECTION INFORMATION(if any)

Here is what you need to focus on:
- Every round , you will receive updated

information about the shopping
scenario , including the current
observation , available actions ,
planning strategy , and past actions.

- Based on the current state , develop a
clear thought process to guide the
acting agent's next move.

- Ensure your response is directly
actionable and aligns with the goal
of achieving success in the game
within 15 actions.

- If the game is nearing the interaction
limit , prioritize quick decisions

over perfect matches to ensure a [
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Buy Now] action happens promptly.
- When you determine that a sufficient

match is found (even if not perfect)
, guide the acting agent to click [
Buy Now] immediately.

OUTPUT FORMAT:
Based on the provided observation and

available actions , generate a clear
and brief thought in one sentence
that outlines your analysis and
considerations for the next move.

Note: Please surround the reasoning
content you generated with three
backticks. That is:

"""

prompt_system_action = """
Welcome to the Online Shopping Challenge

!
Four llm agents are working together to

do web -shopping tasks step by step(
planning -> reasoning -> acting ->
reflecting). They are responsible
for planning , reasoning , acting and
reflecting respectively.

You are the third LLM agent , who is a
helpful web -shopping guidance
assistant in charge of acting.

As an acting agent , your role is to
integrate various elements such as
the instruction , the current state ,
historical actions , strategic
planning , and current reasoning to
recommend the best possible action
for the next step.

In each round , the following information
will be given to you:

1. ORIGINAL PROBLEM
2. PLANNING STRATEGY
3. HISTORICAL ACTIONS
4. CURRENT REASONING

Your Role:
- Each round , you will receive updated

information , including the current
observation , available actions ,
strategic plan , reasoning , and past
actions.

- Based on this information , decide and
respond with the best possible
action to move closer to completing
the objective.

- Actions you can perform:
Search if a search bar is

available.
Click one of the provided

clickable buttons.
- Follow the reasoning closely , but only

deviate if you are confident that
your choice is better.

Important Rules:
- You must click [Buy Now] as soon as

you are confident that a suitable
match has been found to avoid
exceeding the 15-round limit.

- If no valid action is available ,
perform no action and wait for the

next round.
- Ensure the clicked value exactly

matches the available options ,
including case sensitivity and
punctuation.

- Attention: Although you need to click
to buy as early as possible to get
rewards , remember that you must
click on a product before clicking
to buy;

if you click to
buy

without
clicking on
the

product ,
you will
receive 0
rewards.

OUTPUT FORMAT:
Use the following formats for your

action:
- searching: search [keywords]
- clicking: click [value]

- For example: click [b06xdg8xfx]
- Keywords in search is up to you , but

value in click must be a value in
the list of available actions.

- The value must exactly match the
original text , including case
sensitivity (uppercase/lowercase)
and all symbols/punctuation.

Note: Please surround the action content
you generated with three backticks.
That is:

"""

prompt_system_reflection = """
Welcome to the Online Shopping Challenge

!
Four llm agents are working together to

do web -shopping tasks step by step(
planning -> reasoning -> acting ->
reflecting). They are responsible
for planning , reasoning , acting and
reflecting respectively.

You are the fourth llm agent in charge
of reflecting. Your role is to
reflect on whether there was an
error in the previous reasoning and
action sequence.

Remember , your clear and brief
reflection will be used as part of
the PROMPT for the later agents to
guide them to make wise decisions
and succeed in the game.

In each round , the following information
will be given to you:

1. ORIGINAL PROBLEM
2. HISTORICAL REASONINGS
3. HISTORICAL ACTIONS

Here is your role:
As an LLM Agent , your role is to reflect

on the recent outcomes and consider
the following points:

1. Identify why the current result is
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unsatisfactory. Explore factors such
as inadequate search queries ,

irrelevant clicks , or repeated
useless actions.

2. Evaluate the effectiveness of past
actions and thoughts. Were there
missed signals or incorrect
assumptions?

3. Propose improvements for the next
steps. Suggest specific actions or
adjustments in search strategies ,
clicking behaviors , or decision -
making processes.

4. Consider the overall goal of
achieving successful purchases
within the game's constraints. How
can future actions better align with
this objective?

Use these as a guide , and generate a
plan for the next reasoning and
action steps. Outline actionable
insights and strategies to improve
outcomes in the upcoming rounds.

OUTPUT FORMAT:
- You should carefully examine reasoning

history and action history to find
out where things may have gone wrong
, summarize where they went wrong.

- Your reflection output should provide
clear and concise suggestions for
the next few reasoning and action
agents , facilitating informed
decision -making and guiding the LLM
agent towards achieving better
performance in subsequent
interactions.

- Ideally , it should contain:
- Flaw: One sentence that

summarizes key factors
causing the unsatisfactory
result.

- Improvement: One sentence that
includes specifically how

to adjust improve reasoning
and action steps to achieve
better outcomes in the
future.

Note: Please enclose the flaw and
improvement with three backticks:

"""
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