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Abstract

Large Language Model-based Multi-Agent Sys-
tems (MAS) have demonstrated remarkable ca-
pabilities in complex tasks. However, manu-
ally designing optimal communication topolo-
gies is labor-intensive, while automated ex-
pansion methods often result in bloated struc-
tures with redundant agents, leading to exces-
sive token consumption. To address this prob-
lem, we introduce AgentSlimming, a plug-
and-play compression framework for graph-
structured multi-agent workflows. Motivated
by the AgentPruner and AgentQuant in neural
networks, AgentSlimming compresses work-
flows by firstly estimiate the importance score
of each agent with a hybrid mechanism, and
then removing redundant agents or replacing
them with low-cost ones, where each operation
is then validated with a baseline-anchored ac-
ceptance rule to prevent performance collapse.
Experiments show that AgentSlimming reduces
average token cost by up to 78.9% with negli-
gible performance degradation, and even some-
thimes improves accuracy, achieving a strong
Pareto-optimal trade-off between cost and qual-
ity. Our codes are available in the supplemen-
tary materials and will be released on Github.

1 Introduction

The paradigm of Multi-Agent Systems (MAS) has
shifted from manually crafting static prompts to
orchestrating dynamic collaborations among spe-
cialized agents. Frameworks such as AutoGen
(Wu et al., 2023) and ADAS (Hu et al., 2025)
have shown that decomposing a complex problem
into sub-tasks (Wei et al., 2022). Recent innova-
tions, such as MetaGPT(Hong et al., 2024), AFlow
(Zhang et al., 2025c), have revolutionized this field
by reformulating workflow generation as a search
problem. By leveraging Monte Carlo Tree Search
(MCTS), AFlow can automatically navigate the
vast space of agent interactions to discover highly
effective reasoning topologies.
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Figure 1: Overview of the pruning and quantiza-
tion concepts in AgentSlimming. The process begins
with an initially high-performance but computationally
expensive workflow. Then, a hybrid importance evalua-
tion mechanism is utilized to calculate each agent node’s
importance score (i.e., the float number), which guides
pruning and quantization in AgentSlimming.

However, this automated discovery process oper-
ates under an "unconstrained resource” assumption.
The resulting workflows, while accurate, tend to
be computationally bloated. They often feature
dense, redundant connectivity and uniformly em-
ploy the most capable and expensive LLMs (e.g.,
GPT-4) as agent nodes for every sub-task (Li et al.,
2023; Qian et al., 2024). This leads to two critical
bottlenecks: redundant communication, where
agents exchange repetitive or low-value informa-
tion, and excessive computational cost, where sim-
ple sub-tasks consume high-value resources. As the
number of agents and interaction turns grows, the
quadratic increase in token consumption renders
these systems difficult to scale.



To solve this problem, we propose AgentSlim-
ming, a framework that can be directly applied to
any MAS and workflows to reduce their execu-
tion costs. Motivated by the concepts of pruning,
quantization, and finetuning in traditional neural
network compression, AgentSlimming introduces
AgentPruner, AgentQuant and AgentTuner as tools
towards lightweight MAS. As shown in Figure 1,
AgentPruner aims to identify the least important
agent nodes in MAS and then remove them. In
contrast, AgentQuant is designed as model sub-
stitution. When high-cost, high-precision models
(e.g., GPT-4) are considered as not necessary for
an unimportant role in MAS, they are dynamically
replaced by cost-effective, lightweight surrogates
(e.g., GPT-40-mini) to reduce the inference costs.
After AgentPruner and AgentQuant, AgentTuner is
optionally employed to further optimize the MAS
to recover the performance loss.

The proposition of AgentSlmming introduce a
curcial problem for MAS compression, i.e., how
to determine the importance of each node in MAS.
To tackle this challenge, we introduce a hybrid
importance evaluation mechanism. Generally, a
node’s value is determined by both its structural
position and functional contribution. Based on this
observation, we consider the three following in-
dicators: Degree Centrality (Freeman, 1978) and
Betweenness Centrality (Brandes, 2001) for topo-
logical structure in the graph of MAS, and an Ap-
proximate Shapley value (Shapley, 1953; Lundberg
and Lee, 2017) for functional contribution. Specifi-
cally, we adopt a Leave-One-Out (LOO) estimation
strategy to calculate the marginal contribution of
each node against the complete topology, serving
as a computationally efficient proxy for the exact
Shapley value. These rankings are fused via Recip-
rocal Rank Fusion (RRF) (Cormack et al., 2009) to
generate a robust importance score.

Guided by this score, AgentSlimming employs
an iterative greedy strategy: we progressively prune
and quantize agent nodes starting from the least
important ones. After each operation, we re-
evaluate the workflow against a performance thresh-
old and re-calculate the RRF scores, ensuring the
optimization dynamically adapts to the changing
graph structure until the efficiency limit is reached.
While the pruned and quantized workflows typi-
cally achieve a superior Pareto frontier (Deb et al.,
2002; Chen et al., 2024) between cost and accu-
racy, AgentSlimming further incorporates a MCTS
fine-tuning mechanism that optimizes the stream-

lined graph rather than accepting the compressed
policy as final. Here, we report the average ex-
ecution cost in USD per problem. Empirically,
the resulting workflows are consistently more cost-
efficient than AFlow, often achieving strictly supe-
rior performance in both accuracy and cost. Re-
porting the average execution cost per problem
(USD), AgentSlimming demonstrates significant
gains across diverse benchmarks.

For instance, on GSMS8K, AgentSlimming
matches AFlow’s score (95.5) while reducing
the cost by 78.8%. On code generation and
complex reasoning tasks like MBPP and Live-
Code, AgentSlimming achieves a "dual victory":
it improves accuracy while reducing costs by
71.7% and 78.9%, respectively. Even in cases
where AFlow retains a marginal score advantage
(e.g., HotpotQA: 77.3 vs. 77.0), AgentSlimming
achieves this at a substantially lower cost (a 27.4%
reduction), indicating that our pipeline reliably lo-
cates the workflow at a more favorable operating
point on the cost—quality Pareto frontier.

Our contributions can be summarized as follows:

* We introduce AgentSlimming, a training-free
framework that integrates automated agentic
workflow exploration with a novel pruning
and semantic quantization pipeline.

* We first propose an iterative multi-metric opti-
mization algorithm that integrates topological
and functional importance via RRF to accu-
rately identify redundant components.

* Extensive evaluations on eight benchmarks
show that AgentSlimming achieves a striking
reduction in token costs of up to 78.9%.

2 Related Work

2.1 Agentic Workflows

LLM-based systems can be broadly character-
ized into two paradigms: agentic workflows and
autonomous agents. The former executes tasks
through predefined multi-step pipelines with re-
peated LLM invocations, whereas the latter empha-
sizes dynamic decision-making and planning under
interaction and feedback. Recent work has made
notable progress in language-driven decomposi-
tion and collaboration (Zhuge et al., 2025), data-
science agents (Hong et al., 2025), tool-enabled
mobile agent teams (Zhang et al., 2024), and open-
ended embodied exploration (Wang et al., 2024a).



Compared to autonomous agents that often require
environment-specific action spaces and decision
patterns, workflows can more easily incorporate
human domain expertise and improve through itera-
tive refinement, making them particularly amenable
to automated construction and optimization.

2.2 Multi-Agent Evolving

Many effective workflows are still developed pri-
marily through manual discovery and engineering
practice. At the general level, common transfer-
able reasoning recipes include chain-of-thought,
self-consistency, self-refine and structured self-
collaboration (Wei et al., 2022; Wang et al., 2023;
Madaan et al., 2023b; Wang et al., 2024b). At the
domain level, multi-step procedures are specialized
in reusable pipelines, such as code generation and
debugging (Hong et al., 2024; Ridnik et al., 2024;
Zhong et al., 2024), data analysis and visualization
(Xie et al., 2024; Ye et al., 2024; Li et al., 2024a;
Zhou et al., 2023), mathematical reasoning (Xu
et al., 2024), and planning-style search for question
answering (Nori et al., 2023; Zhou et al., 2024).

However, manual design cannot cover the com-
binatorial space across domains, which motivates
automated agentic optimization. One line of work
optimizes local instructions or components within
a fixed backbone (Fernando et al., 2024; Yiik-
sekgonill et al., 2024; Yang et al., 2024; Khat-
tab et al., 2024) or tunes inference-time strate-
gies (Saad-Falcon et al., 2024). Another line goes
further by optimizing the end-to-end workflow
structure, including automatic generation of code-
represented workflows (Li et al., 2024b), viewing
agent systems as optimizable graphs (Zhuge et al.,
2024), and improving system designs in code space
via meta-agents (Hu et al., 2025). Zhang et al.
(2025¢) similarly adopts code-based representa-
tions, combining finer-grained abstractions (named
nodes/operators) with MCTS to leverage execu-
tion feedback and tree-structured experience for
efficient workflow structure search.

2.3 Graph-Structured Orchestration,
Pruning, and Cost-Aware Compression

Beyond prompt engineering, many agentic systems
are best viewed as executable graphs, where nodes
represent specialized modules and edges encode
information flow. Recent studies focus on topology
learning and pruning for improved efficiency and
robustness (Zhang et al., 2025a,b; Boyi et al., 2025).
These approaches also explore pruning at different

granularities, including message-level pruning un-
der bandwidth constraints (Mao et al., 2020), dy-
namic agent elimination for token efficiency (Wang
et al., 2025), and progressive pruning that blends
heuristics with execution experience (Zhang et al.,
2025d). Existing methods typically starting from
(near) fully connected interactions and primarily
pruning edges or communication channels. Action
selection for pruning and replacement can draw
on heuristic importance measures from network
analysis (Freeman, 1978) or contribution-based for-
mulations such as Shapley values (Shapley, 1953),
which usually require approximation for tractabil-
ity. In addition, model compression and quantiza-
tion reduce inference cost while preserving quality
(Frantar et al., 2022; Xiao et al., 2023; Lin et al.,
2024), complementing structural optimization at
the workflow level.

2.4 Search-Based Optimization for Workflows

Search provides a natural mechanism for exploring
large workflow design spaces. MCTS (Coulom,
2006) and its variant UCT (Kocsis and Szepesvari,
2006) enables effective exploration through sam-
pled evaluation and progressive expansion, and has
been applied to planning and reasoning in language
agents (Zhou et al., 2024) as well as workflow struc-
ture optimization (Zhang et al., 2025c). Following
this trajectory, we focus on optimizing DAG work-
flows under dependency constraints, integrating
structure search with node-level pruning and cost-
driven node replacement (semantic quantization).

3 Methodology

3.1 Problem Formulation

We formulate the optimization of multi-agent sys-
tems as a discrete structural search problem over a
directed graph, with an explicit trade-off between
task performance and execution cost.

Workflow as a directed graph. A multi-agent
workflow is represented as a directed graph G =
(V,€). Each node v € V denotes an executable
operator (e.g., an LLM call), and each edge e € £
specifies an information dependency. Given a vali-
dation set Dy, executing G yields an average task
score S(G) and an average execution cost C(G):

S(G) = . score(G, x),
lpval‘ 2E€Dy,
1 (1)
c(9) = Dol Z cost(G, x).

x eDval
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dancy, AgentSlimming computes three distinct rankings
lity, Costs Comparison and Approximate Shapley value.

Both pruning and quantization select candidate nodes based on the computed importance scores, ranking nodes
from least to most important and optimizing the lowest-ranked candidate first. After each operation, a re-evaluation
is performed. If the score drops below an acceptable threshold, a rollback mechanism is triggered to revoke the
current operation and immediately terminate this phase, ensuring preserving superior performance.

Optimization Objective. Our goal is to maxi-
mize performance under a cost budget B. When
multiple topologies achieve comparable perfor-
mance, we prioritize the one with the minimal cost:

max S(G) st C(G) <B. )

3.2 The AgentSlimming Pipeline

As illustrated in Figure 2, our framework operates
through a three-stage pipeline: AgentPruner (Struc-
tural Pruning), AgentQuant (Semantic Quantiza-
tion), and AgentTuner (MCTS Fine-tuning). This
pipeline progressively compresses the workflow
while maintaining its reasoning capabilities.

3.2.1 Hybrid Importance Evaluation

To guide both pruning and quantization, we in-
troduce a hybrid importance evaluation mecha-
nism. For any node v € V, we compute four
complementary signals using a small probe dataset
Dprobe - Dval-

1. Degree and Betweenness-Based Signals (Topo-
logical Priors). We capture the structural signifi-
cance of a node using graph centrality metrics.

* Degree-based Signal (s4c.): Derived from
the node’s local connectivity (in-degree and
out-degree). Nodes with weaker structural
connectivity are assigned larger pruning like-
lihood.

* Betweenness Centrality (s},.¢): Measures the
node’s role as an information bridge. It is
calculated as:

Shet (U) = Z

SsFEVFEL
where o is the total number of shortest paths
from s to ¢, and o4 (v) is the number of those
paths passing through v.

ost(v) ’

3)

Ost

2. Approximate Shapley value signal (Func-
tional Contribution). To quantify the seman-
tic contribution of node v, we adopt the Shapley
value concept from cooperative game theory. Since
exact computation is NP-hard, we employ a effi-
cient Leave-One-Out (LOO) approximation. The
marginal contribution ¢(v) is estimated by the per-
formance drop when v is removed (or replaced):

¢(v) = As(v) = 5(9) = S(G\ {v}), 4

where G\ {v} denotes the workflow after removing
node v (and patching connections). A smaller ¢(v)
indicates a lower contribution to task completion.

3. Delta-Cost signal (Economic Potential).
We estimate the potential cost saving Ac(v) on
Dprobe:

Ac(v) =C(G) = C(G\ {v}). )

Nodes with higher A (v) are prioritized for prun-
ing or quantization to maximize efficiency gains.



Rank Fusion. To robustly combine these hetero-
geneous signals, we employ Reciprocal Rank Fu-
sion (RRF). Let 7,,(v) be the rank of node v un-
der metric m € {deg, bet, shap, AC'}. The fused
score is calculated as:

RRF(v) = Y #Z(U)

; (6)
where x is a smoothing constant (set to
max{10, |V|}) and w balances the metrics. This
fused score identifies nodes that are simultaneously
structurally peripheral, functionally redundant, and
computationally expensive.

3.2.2 Iterative Optimization Process

Stage 1: AgentPruner (Structural Pruning)
Let Gpase denote the initial high-performance work-
flow graph . We employ an iterative greedy strategy
to prune nodes. In each iteration, we rank nodes
by RRF(v) and evaluate the top candidates. A
pruning operation is accepted if the performance
degradation is within a tolerance threshold 7,:

S(g/) > Tp - S(gbase)a (7)

where G’ is the pruned graph and 7, € (0,1) is a
predefined threshold. We evaluate the Top-1 can-
didate first and then the Top-k candidate if neces-
sary. If neither candidate is accepted, the stage
terminates and the workflow rolls back to the last
accepted state. Graph Surgery: To preserve exe-
cutability after removing node v, we perform edge
patching to maintain the graph’s connectivity. For
every pair of predecessor s € In(v) and succes-
sor t € Out(v), we add a direct edge (s — ¢) if
one does not already exist, self-loops and duplicate
edges are disallowed. Each accepted pruning step
is logged with the probe signals, fused ranks, and
the resulting workflow artifact.

Stage 2: AgentQuant (Semantic Quantization)
Let Gpase now refer to the pruned workflow graph
obtained from Stage 1. The quantization process
operates on this sparse structure to further reduce
computational costs. We define Semantic Quanti-
zation as a model substitution strategy. For a se-
lected node v, we replace its high-cost LLM with a
cost-effective surrogate (v), yielding a quantized
graph G . Candidate ranking follows the same
RRF mechanism, where the Shapley signal is in-
stantiated by evaluating the performance impact of
the model substitution. We also employ the greedy

strategy to quantize nodes, a quantization opera-
tion is accepted if the performance degradation is
within a tolerance threshold 7,:

S(g/) > Tq S(gbase)a (8)

where G’ is the quantized graph and 7, € (0, 1) is
a predefined threshold.This step drastically reduces
token costs for non-critical reasoning steps.

Stage 3: AgentTuner (Adaptive MCTS Fine-
tuning) To address the variance in compression
sensitivity across different tasks, we introduce an
adaptive MCTS exploration on the compressed
workflow. This phase is selectively applied and
focuses on localized refinements, such as prompt
adaptation and parameter tuning, to recover from
potential degradation. Critically, this fine-tuned
configuration is adopted only if it improves upon
the initial compressed version, thereby ensuring
constant and robust performance gains.

4 Experiments

4.1 Setup

Overview. We evaluate our method on eight pub-
lic benchmarks. To ensure a fair comparison, we
strictly adhere to AFlow’s configuration, adopting
its datasets, splits, and sampling methods where
applicable. Additionally, we incorporate three chal-
lenging benchmarks to test robustness.

Datasets. Our evaluation suite consists of two
categories: (1) Standard Benchmarks: We utilize
the complete AFlow (Zhang et al., 2025c¢) suite,
including GSMS8K (Cobbe et al., 2021), and MBPP
(Austin et al., 2021) (full sets), as well as Hot-
potQA (Yang et al., 2018) and DROP (Dua et al.,
2019) (randomly sampled 1,000-instance subsets).
For MATH (Hendrycks et al., 2021), we follow the
specific subsetting of 617 Level-5 problems across
four categories. These datasets employ a 1:4 vali-
dation/test split. (2) High-Difficulty Benchmarks:
To assess performance on complex reasoning and
coding tasks, we incorporate AIME (Mathematical
Association of America; Art of Problem Solving) ,
MuSiQueAns (Trivedi et al., 2022), and LiveCode
(Jain et al., 2025). These datasets are partitioned
using a 3:7 validation/test split.

Baselines. We compare AgentSlimming against
a diverse set of baselines: (I) Manual Prompt-
ing Strategies: Standard Chain-of-Thought (CoT)
(Wei et al., 2022), Self-Consistency (SC-CoT)



Method MATH GSMSK HotpotQA MBPP DROP

Acc. Cost ($/prob.) Acc. Cost ($/prob.) Acc. Cost ($/prob.) Acc. Cost ($/prob.) Acc. Cost ($/prob.)
Ours 739 6.88e-3 |442% 95.5 9.30e-4 1788% 77.0 5.55e-3 [274% 77.9 7.30e-4171.7% 81.7 9.50e-4 |38.7%
AFlow 74.8 1.20e-2 95.5 4.38e-3 77.3 7.64e-3 73.3 2.58e-3 78.7 1.55e-3
LLM-Debate 74.5 1.47e-2 93.5 3.57e-3 73.4 9.47e-3 75.1 6.22¢-3 75.6 2.94e-3
ADAS 69.0 1.15e-2 94.9 4.79%-3 65.4 4.72e-2 754 4.31e-3 78.6 3.07e-3
CoT 62.9 6.03e-4 90.5 2.48e-4 57.5 7.11e-4 73.6 2.80e-4 75.9 3.75e-4
SC-CoT 65.3 3.67e-3 90.2 1.71e-3 61.7 4.48e-3 75.6 2.12e-3 75.3 2.37e-3
Self-Refine  65.5 1.01e-3 89.8 5.60e-4 57.9 1.50e-3 74.5 5.56e-4 75.0 791e-4

Table 1: Performance and inference cost comparison across standard benchmarks. Cost denotes the average
API expense ($/prob.). Bold indicates the best results among workflow-based methods (excluding simple prompting
baselines). Green percentages indicate the relative cost reduction compared to AFlow, highlighting how much

inference budget is saved while maintaining competitive accuracy.

Method AIME LiveCode MusiqueAns
Acc. Cost ($/prob.) Acc. Cost ($/prob.) Acc. Cost ($/prob.)
Ours 65.7 135e-2 1192% 61.7 2.47e-3 1789% 89.3 8.24e-3 [232%
AFlow 67.1 1.67e-2 55.3 1.17e-2 84.5 1.07e-2
LLM-Debate 56.8 2.86¢-2 67.8 1.67e-2 45.3 1.62¢-2
Cost-aware AFlow 61.8 1.20e-2 57.9 8.41e-3 83.6 1.04e-2
ADAS 62.3 1.42e-2 52.1 9.01e-3 77.2 1.62e-2
CoT 53.4 2.99¢-3 46.4 1.25e-3 73.9 1.11e-3
Self-Consistency CoT 59.7 1.41e-2 47.2 7.93e-3 74.9 6.89¢-3
Self-Refine 54.1 4.08e-3 49.1 2.30e-3 72.8 2.30e-3

Table 2: Performance and inference cost comparison across high-difficulty benchmarks. Cost denotes the
average API expense ($/prob.). Bold indicates the best results among workflow-based methods (excluding simple
prompting baselines). Green percentages indicate the relative cost reduction compared to AFlow.

(Wang et al., 2023), and Self-Refine (Madaan et al.,
2023a). (1) Automated Workflow Optimization:
ADAS (Hu et al., 2025) and AFlow (Zhang et al.,
2025c¢). (11I) Cost-Aware AFlow: We implement a
modified AFlow variant. This baseline explicitly
integrates cost comparisons into its selection mech-
anism during search phase, directly competing on
cost efficiency.

Details. We employ GPT-4.1-mini (OpenAl,
2025) as the high-precision model and GPT-4.1-
nano (OpenAl, 2025) as the cost-effective surrogate
for quantization, both accessed via OpenAl APIL.
For workflow-based optimization, we use GPT-4.1-
mini to maintain computational efficiency. All mod-
els are accessed with temperature set to 0 to ensure
reproducibility. Full experimental details are pro-
vided in Appendix B.

4.2 Main Results

Superior Cost-Performance Efficiency. The
main experimental results are summarized in Ta-
ble 1 and Table 2. Overall, AgentSlimming con-
sistently discovers workflows that are more cost-

efficient than AFlow. In many cases, our method
achieves strict dominance, surpassing the baseline
in both accuracy and execution cost. Here, we
report the average cost in USD per problem.

On standard benchmarks, AgentSlimming main-
tains competitive performance while significantly
reducing computational overhead. For instance,
on GSMSK, it matches AFlow’s accuracy (95.5)
but reduces the average cost from 4.38x1073 to
9.30x10~%, a 78.8% cost reduction. On MBPP,
AgentSlimming improves the score from 73.3 to
77.9 while simultaneously lowering the cost from
2.58x1073 to 7.30x10~* (71.7% reduction). On
datasets where AFlow attains a slightly higher
raw score, such as HotpotQA , AgentSlimming
achieves comparable performance at a substantially
lower cost, reducing the average cost by 27.4%.

The advantage of AgentSlimming is even more
pronounced on high-difficulty benchmarks. On
LiveCode, it increases the score from 55.3 to 61.7
while reducing cost by nearly an order of magni-
tude (from 1.17x1072 t0 2.47x107%, a 78.9% re-
duction). Similarly, on MuSiQueAns, AgentSlim-
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Figure 3: Cost-Accuracy Pareto Frontier on the
GSMBSK dataset. The x-axis represents the average
inference cost per problem (USD), and the y-axis de-
notes accuracy. Data points for our method correspond
to varying iteration rounds. These configurations con-
sistently align with the Pareto frontier, demonstrating
optimal cost-quality trade-offs compared to baselines.
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Figure 4: Node-type specific compression rates. We
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sion strategy across six categories. Blue bars indicate
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model substitution (Quantization). The variance across
categories highlights the adaptive nature of our hybrid
importance evaluation.

ming improves accuracy from 84.5 to 89.3 with
a 23.2% reduction. These results indicate that
AgentSlimming reliably positions the discovered
workflows at a more favorable operating points
on the cost—quality Pareto frontier, particularly for
complex reasoning and programming tasks.

4.3 Analysis

We conducted a comprehensive analysis to inter-
pret the efficiency sources of AgentSlimming and
validate its practical feasibility.

Denoising via Pruning In the initial heavy work-
flows, we observed redundant parallel generation
components, particularly multiple CodeGen nodes
and AnswerGen nodes. Our method consistently
deprioritizes these redundant nodes due to their
limited marginal benefit, pruning them to yield a

simplified graph structure.

Strategic Heterogeneity When parallel struc-
tures remain after pruning, AgentSlimming ap-
plies non-uniform compression and retains a mixed-
precision configuration. Specifically, it preserves a
small number of high-capability AnswerGen nodes
at full precision and quantizes the remaining paral-
lel auxiliary nodes to lower-cost models.

Cost-Effective Arbitration via Functional Align-
ment The quantization frequencies indicate that
AgentSlimming primarily compresses nodes whose
functionality is procedure-oriented rather than
generation-intensive. ScEnsemble and Program
nodes are infrequently pruned but are frequently
quantized, while Test nodes are consistently quan-
tized. Although these nodes can be topologically
central, they mainly implement selection, consen-
sus aggregation, and execution-based validation.
By selectively quantizing them while retaining
high-capability generators, AgentSlimming pre-
serves accuracy and strategically directs the com-
putational budget toward core reasoning rather than
auxiliary validation.

Total Evaluation Budget Analysis. To translate
the structural efficiency gains into tangible eco-
nomic implications, we estimate the total end-to-
end evaluation budget for the test sets of each
benchmark by multiplying the optimized per-
problem cost by the effective sample size. Re-
markably, the computational burden is minimal:
standard benchmarks like MBPP and GSMSK re-
quire less than $2.00 to evaluate the entire test set
($1.63 and $1.84, respectively). Even for computa-
tionally intensive, high-difficulty benchmarks such
as AIME and HotpotQA, the total costs remain
strictly affordable at $26.06 and $14.76.

Crucially, this cost-effectiveness extends to the
optimization process itself. As a fully training-free
framework, AgentSlimming avoids the prohibitive
overhead of gradient-based updates and expensive
parameter tuning. Furthermore, by leveraging topo-
logical priors (e.g., degree and betweenness cen-
trality) for importance scoring, we ensure that the
pruning and quantization decisions remain compu-
tationally efficient and lightweight.

4.4 Ablation Study

We investigate the impact of the node-importance
ranking strategy used in pruning and quantization.
Our full method employs a weighted Reciprocal



Method DROP MATH MBPP
Acc. Cost ($/prob.) Acc. Cost ($/prob.) Acc. Cost ($/prob.)
Degree-only 66.51152%  3.2e-41289%  73.1]23% 5.28¢-31107.9% 73.318.6%  1.56e-31119.7%

Betweenness-only  77.8 10.8% 4.5¢-4 10.0% 74.0 [1.1% 4.17e-3164.2% 79.1 [1.4% 7.1e-4 10.0%
Shapley-only 65.7 1162%  3.1e-41311% 71.4145% 5.25e-31106.7% 74.4172% 1.50e-31111.3%
RRF 78.4 4.5e-4 74.8 2.54e-3 80.2 7.1e-4

Table 3: Ablation study of the importance ranking strategies. We compare topology-based signals (degree-only,
betweenness-only) and a functional signal (Shapley-only), as well as their fusion via Reciprocal Rank Fusion (RRF),
on DROP, MATH, and MBPP. Results report task accuracy (Acc) and average inference cost per problem . Bold
denotes the best accuracy on each dataset, while underline highlights the lowest average cost.

Rank Fusion (RRF) scheme to synthesize multi-
ple signals into a unified candidate ranking. In
contrast, we evaluate ablated variants that rely on
a single metric for ranking: (i) Degree-only, (ii)
Betweenness-only, and (iii) Shapley-only. Exper-
imental settings are consistent across stages: for
pruning, all variants initialize from the original
workflow. For quantization, each variant inherits
the best pruned graph derived from its correspond-
ing pruning strategy and applies the same metric
for node selection. Both stages maintain identical
validation subset sizes and baseline-anchored ac-
ceptance thresholds.This design isolates the effect
of ranking quality from confounders such as search
budget, initialization, and stopping criteria. Table 3
details the specific performance metrics recorded
after both stages.

We observe that single-metric strategies ex-
hibit divergent cost—quality trade-offs across tasks.
These complementary behaviors further underscore
the necessity of multi-signal fusion via RRF, which
consistently achieves a more robust balance be-
tween effectiveness and efficiency.

4.5 Case Study

We analyze the pruning process of the workflow on
MATH to illustrate structural simplification. Start-
ing from a complex graph with parallel reasoning
paths and refinement steps, AgentSlimming iden-
tified redundancy in the dual Answer Generate
nodes and the marginal utility of the Code Refine
node. Concretely, probe-based importance rank-
ing suggests that one generator path consistently
dominates in contribution, while refinement rarely
corrects errors relative to its token cost.Notably,
pruning the parallel path diminished the utility of
the downstream ScEnsemble node, leading to its re-
moval. The transformation of this stage is detailed
in Figure 5. The result is a streamlined pipeline

Problem input

&

Problem input

w

@ Program

Answer generate

@ Detailed solution

Code Refine Answer output

@ ScEnsemble After

Answer output

Before

Figure 5: Visualizing the pruning process of MATH
workflow. (Before) The initial workflow features
complex parallel reasoning paths and an ensemble
mechanism. (After) The streamlined workflow after
AgentSlimming’s pruning stage. It effectively identifies
the core reasoning backbone, pruning redundant parallel
paths and refinement steps to reduce cost.

that preserves core reasoning logic while achiev-
ing substantial cost reductions, empirically validat-
ing our topo-functional optimization strategy. The
complete details of this case study is provided in
Appendix C.

5 Conclusion

We introduced AgentSlimming, a unified frame-
work that optimizes multi-agent workflows via
structural pruning and semantic quantization.
Guided by a novel hybrid metric combining topo-
logical and functional signals, AgentSlimming
achieves up to 79.8% cost reduction across di-
verse benchmarks. Importantly, this efficiency is at-
tained with negligible impact on reasoning quality,
matching or even exceeding their performance. Our
method shows that sparse, heterogeneous topolo-
gies can effectively replace computationally redun-
dant dense multi-agent systems, establishing a new
Pareto frontier for scalable agentic collaboration.



Limitations

We only evaluate GPT-4.1-series models, and do
not benchmark newer frontier models such as Ope-
nAl GPT-5.2, Anthropic Claude 4.5, Google Gem-
ini 3 Pro, Meta Llama 4.

Ethics Statement

We acknowledge that all authors are informed
about and adhere to the ACL ARR Code of Ethics
and the Code of Conduct.

Risks Our benchmarks are sourced from publicly
available datasets. We cannot guarantee that they
are free of socially harmful, biased, or toxic con-
tent. In addition, AgentSlimming optimizes cost by
pruning and replacing nodes, which may alter the
behavior of the original workflow in unexpected
ways; when applied to safety-critical domains, such
changes could amplify errors or reduce reliability.
We use ChatGPT to correct grammatical errors in
this paper.
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Appendix
A Algorithm

Algorithm 1 Prune—Quantize—Fine-tune Pipeline

1: Input: initial graph Gy, validation set D,
probe size m, budget B.
Top-k size k, thresholds 7, 7.
RRF weights w, low-cost mapping 7.
Output: optimized graph G*.
Step 1: AgentPruner.
Set baseline Sy <+ S(G).
while pruning budget remains do
Rank nodes by probe signals; fuse by
weighted RRF; get Top-k {v1,vs,...,vk}.

9:  forv € {vy,v9,...,0k} do

10: G’ + Surgery(G,v); evaluate S(G’).
11 if S(G') > 7 Sy then

12: G + G’; break

13: end if

14:  end for

15:  Stop if neither candidate is accepted.

16: end while

17: Step 2: AgentQuant.

18: Set baseline Sy <— S(G).

19: while quantization budget remains do

20:  Rank LLM nodes by probe replacement
signals; fuse by weighted RRF; get Top-k

{v1,v9, ..., vk}.
21:  forv € {v1,v,...,vk} do
22: G <« Replace(G, v, 7(v)); evaluate
S(GW).
23: if S(G™) > 7, - S, then
24: G + G); break
25: end if

26:  end for

27:  Stop if neither candidate is accepted.

28: end while

29: Step 3: AgentTuner.

30: Run MCTS on G with atomic edits; update G.

31: return G* + argmaxyci(S(H),—C(H)).
s.t. C(G*) < B.

B Experimental Details

We employ different models for workflow opti-
mization and execution. For execution, we pri-
marily use a two-tier configuration with GPT-4.1-
mini (OpenAl, 2025) and GPT-4.1-nano (OpenAl,
2025). Specifically, we employ GPT-4.1-mini by

default during the pruning stage, while adopting
the lightweight GPT-4.1-nano for quantized nodes
to minimize inference costs. To ensure a fair com-
parison, GPT-4.1-mini serves as the optimizer for
both our method and all workflow-based baselines
(AFlow (Zhang et al., 2025c), ADAS (Hu et al.,
2025)). All models are accessed via APIs with a
temperature of 0. We set the iteration rounds to
10 for AFlow and 15 for ADAS. Notably, as it-
eration rounds increase, workflows become more
complex—a regime in which our method demon-
strates superior cost reduction.

C Case Study
C.1 Workflow Overview and Legend Mapping

Figure 5 visualizes the pruning process on
the MATH (Hendrycks et al., 2021) work-
flow. To match the legend used in the
figure, we map the implementation node
IDs to the paper terms as follows: (1)
GenerateSolutionA/GenerateSolutionB
correspond to the dual Answer Generate nodes.
(2) RefineWithCode corresponds to the Code
Refine node. (3) ScEnsembler corresponds
to the ScEnsemble aggregation node. @)
AnswerFormatter formats the final output to
satisfy benchmark constraints.

C.2 Pruning Rationale and Structural
Simplification

The original workflow (Figure 5, left) contains mul-
tiple parallel reasoning paths: a program-execution
path (Programmer — RefineWithCode), a de-
tailed chain-of-thought path (DetailedSolution),
and two additional solution generation paths
(GenerateSolutionA and GenerateSolutionB).
All candidate answers are routed into ScEnsembler
for self-consistency selection before being format-
ted by AnswerFormatter.

AgentSlimming identifies two main sources
of redundancy: (1) The two Answer Generate
branches are highly overlapping; keeping one
branch provides most of the diversity gain. (2)
The marginal utility of the Code Refine step is
limited for this workflow; its benefits do not justify
the extra LLM calls.

C.3 Complete Code for Reproducibility

We provide the complete executable code of the
original MATH workflow and its pruned counter-
part below.



from typing import Literal, Dict, Any

from src.core.graphflow import GraphFlow

from src.core.edge import Edge

from src.core.nodes.custom_node import CustomNode

from src.core.nodes.input_node import InputNode

from src.core.nodes.program_node import ProgramNode

from src.core.nodes.sc_ensemble_node import ScEnsembleNode
from src.core.executor import GraphExecutor

O 00 N O U B WN R

I e = T T = S S Sy Y
NoO UsWN RS

18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57

from
from

from .

src

src.

core.

DatasetType =

.utils.cost_tracker import LLMCostTracker
nodes.answer_format_node import AnswerFormatNode
import prompt as prompt_custom

Literal[ "MATH"]

class Workflow:

Input

def __init_ (self, name: str, dataset: DatasetType, llm_config: Dict[str, Any]
self.name =
self.dataset

if isinstance(1llm_config, dict):
self.llm_config
elif 1lm_config is None:
self.llm_config = {"model": "gpt-4.1-mini", "temperature": 0.0}
else:
self.llm_config = {
"model":
"temperature":

self.llm_cost_tracker

= InputNode(

node_id="Input",
node_11lm_config=self.llm_config,
node_description="Graph input entry"

Programmer

RefineWithCode
node_id="RefineWithCode",
node_prompt=prompt_custom.REFINE_ANSWER_PROMPT,
node_l1lm_config=self.llm_config,
node_description="Refine and format the solution using program output

DetailedSolution
node_id="DetailedSolution",
node_prompt=prompt_custom.DETAILED_SOLUTION_PROMPT,
node_11lm_config=self.llm_config,
node_description="Provide a comprehensive, step-by-step solution"”

None) — None:

getattr(1lm_config, "model", "gpt-4.1-mini"),
getattr(1llm_config, "temperature", 0.0),

LLMCostTracker()

ProgramNode(

node_id="Programmer",

node_11lm_config=self.llm_config,

node_description="Generate and execute Python code for the problem"

Figure 6: Code of initial workflow on MATH
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GenerateSolutionA = CustomNode(
node_id="GenerateSolutionA",
node_prompt=prompt_custom.GENERATE_SOLUTION_PROMPT,
node_11lm_config=self.llm_config,
node_description="Generate an additional solution (A)"

GenerateSolutionB = CustomNode(
node_id="GenerateSolutionB",
node_prompt=prompt_custom.GENERATE_SOLUTION_PROMPT,
node_11lm_config=self.llm_config,
node_description="Generate an additional solution (B)"

ScEnsembler = ScEnsembleNode(
node_id="ScEnsembler",
node_1lm_config=self.llm_config,

node_description="Select the best solution using self-consistency",

AnswerFormatter = AnswerFormatNode(
node_id="AnswerFormatter",
dataset=self.dataset,
node_11lm_config=self.llm_config,

node_description=f"Format the final answer for {self.dataset} benchmark compatibility.",

self.workflow_graph = GraphFlow(

nodes=[Input, Programmer, RefineWithCode, DetailedSolution,
GenerateSolutionA, GenerateSolutionB, ScEnsembler, AnswerFormatter],

edges=[
Edge(source="Input", target="Programmer"),
Edge(source="Input", target="DetailedSolution"),
Edge(source="Input", target="GenerateSolutionA"),
Edge(source="Input", target="GenerateSolutionB"),
Edge(source="Programmer", target="RefineWithCode"),

]1

Edge(source="RefineWithCode", target="ScEnsembler"),
Edge(source="DetailedSolution", target="ScEnsembler"),
Edge(source="GenerateSolutionA", target="ScEnsembler"),
Edge(source="GenerateSolutionB", target="ScEnsembler"),
Edge(source="ScEnsembler", target="AnswerFormatter")

entry_node_ids=["Input"],
final_node_id=AnswerFormatter.node_id,
description="Workflow for MATH problem solving"

self.executor = GraphExecutor(workflow_graph=self.workflow_graph)

result, execution_time, cost_summary = await self.executor.run(problem=problem)

async def _ call_ (self, problem: str):

final_output = (
result.get("output")
or str(result)

total_cost = cost_summary.get("total_cost_usd", 0.0)

return final_output, total_cost

Figure 7: Code of initial workflow on MATH (cont.)
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from
from
from
from
from
from
from
from
from
from

from .

typ
src
src
src

src.
src.
src.
src.

src
src
i

ing import Literal, Dict, Any

.core.graphflow import GraphFlow

.core.edge import Edge

.core.nodes.custom_node import CustomNode
core.nodes.input_node import InputNode
core.nodes.program_node import ProgramNode
core.nodes.sc_ensemble_node import ScEnsembleNode
core.executor import GraphExecutor
.utils.cost_tracker import LLMCostTracker
.core.nodes.answer_format_node import AnswerFormatNode
mport prompt as prompt_custom

DatasetType = Literal["MATH"]

class Workflow:

def __init_ (self, name: str, dataset: DatasetType, llm_config: Dict[str, Any]

self.name = name
self.dataset = dataset

if isinstance(llm_config, dict):
self.llm_config = 1lm_config
elif 1lm_config is None:
self.llm_config = {"model": "gpt-4.1-mini", "temperature": 0.0}
else:
self.llm_config = {
"model”: getattr(llm_config, "model", "gpt-4.1-mini"),
"temperature": getattr(1llm_config, "temperature", 0.0),

self.llm_cost_tracker = LLMCostTracker()

Input = InputNode(
node_id="Input",
node_11lm_config=self.llm_config,
node_description="Graph input entry"

Programmer = ProgramNode(
node_id="Programmer",
node_11lm_config=self.llm_config,
node_description="Generate and execute Python code for the problem"

DetailedSolution = CustomNode(
node_id="DetailedSolution",
node_prompt=prompt_custom.DETAILED_SOLUTION_PROMPT,
node_11lm_config=self.llm_config,
node_description="Provide a comprehensive, step-by-step solution”

Figure 8: Code of pruned workflow on MATH
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GenerateSolutionA = CustomNode(
node_id="GenerateSolutionA",
node_prompt=prompt_custom.GENERATE_SOLUTION_PROMPT,
node_1llm_config=self.llm_config,
node_description="Generate an additional solution

AnswerFormatter = AnswerFormatNode(
node_id="AnswerFormatter",
dataset=self.dataset,
node_llm_config=self.llm_config,
node_description=f"Format the final answer for {self.dataset} benchmark compatibility.",
)
# Graph
self.workflow_graph = GraphFlow(
nodes=[Input, Programmer, RefineWithCode, DetailedSolution,
GenerateSolutionA, GenerateSolutionB, ScEnsembler, AnswerFormatter],
edges=[
Edge(source="Input", target="Programmer"),
Edge(source="Input", target="DetailedSolution"),
Edge(source="Input", target="GenerateSolutionA"),
Edge(source="Programmer", target="AnswerFormatter"),
Edge(source="DetailedSolution", target="AnswerFormatter"),
Edge(source="GenerateSolutionA", target="AnswerFormatter")
]1
entry_node_ids=["Input"],
final_node_id=AnswerFormatter.node_id,
description="Workflow for MATH problem solving"

self.executor = GraphExecutor(workflow_graph=self.workflow_graph)

async def _ call_ (self, problem: str):
result, execution_time, cost_summary = await self.executor.run(problem=problem)
final_output = (

result.get("output")
or str(result)

total_cost = cost_summary.get("total_cost_usd", 0.0)

return final_output, total_cost

Figure 9: Code of pruned workflow on MATH (cont.)
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from
from
from
from
from
from

typing import List, Dict
collections import defaultdict
src.core.pruners.base import Pruner
src.core.graphflow import GraphFlow
typing import Tuple

src.utils.logs import logger

class DegreePruner(Pruner):

def get_pruned(self) — Tuple[Dict[str, GraphFlow], GraphFlow]:

pruning_candidates = self.identify_pruning_candidates()
one_pruned_graphs: Dict[str, GraphFlow] = {}

for node_to_remove in pruning_candidates.keys():

new_nodes = [
node for node in self.original_graph.nodes
if node.node_id % node_to_remove

]

new_edges = [
edge for edge in self.original_graph.edges
if edge.source # node_to_remove and edge.target % node_to_remove

]

new_graph = GraphFlow(
nodes=new_nodes,
edges=new_edges,
entry_node_ids=self.original_graph.entry_node_ids,
final_node_id=self.original_graph.final_node_id,
description=f"Pruned from {self.original_graph.description} (removed: {node_to_remove})"

one_pruned_graphs[str(node_to_remove)] = new_graph

new_nodes = [
node for node in self.original_graph.nodes
if node.node_id not in pruning_candidates.keys()
1
new_edges = [
edge for edge in self.original_graph.edges
if edge.source not in pruning_candidates.keys() and edge.target not in pruning_candidates.keys()

all_pruned_graph = GraphFlow(
nodes=new_nodes,
edges=new_edges,
entry_node_ids=self.original_graph.entry_node_ids,
final_node_id=self.original_graph.final_node_id,
description=f"Pruned from {self.original_graph.description} (Pruned all candidates)"

return one_pruned_graphs, all_pruned_graph

Figure 10: Code of Degree Centrality Algorithm
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def identify_pruning_candidates(self) — Dict[str, float]:

pruning_candidates = {}
in_degree = defaultdict(int)
out_degree = defaultdict(int)

for node in self.original_graph.nodes:
in_degree[node.node_id] = 0
out_degree[node.node_id] = 0

for edge in self.original_graph.edges:
out_degree[edge.source] += 1
in_degree[edge.target] += 1

for node in self.original_graph.nodes:
node_id = node.node_id
in_deg = in_degree[node_id]
out_deg = out_degree[node_id]

if node_id in self.original_graph.entry_node_ids:
continue

if node_id = self.original_graph.final_node_id:
continue

if is_low_importance_node(in_deg, out_deg):
pruning_candidates[node.node_id] = 1.0

return pruning_candidates

def is_low_importance_node(in_degree: int, out_degree: int) — bool:

if in_degree + out_degree < 2:
return True

return False

Figure 11: Code of Degree Centrality Algorithm (cont.)
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from typing import List,
from collections import d
from src.core.pruners.bas

Dict, Tuple
efaultdict, deque
e import Pruner

from src.core.graphflow import GraphFlow

from src.utils.logs impor

class BetweennessPruner(P
def __init_ (self, or

super().__init_ (

self.betweenness_

def compute_betweenne

betweenness = def

for node in self.

if node.node_

self.original_graph.final
betweenne

t logger

runer):
iginal_graph: GraphFlow):

original_graph)
scores: Dict[str, float] = {}

ss_centrality(self) — Dict[str, float]:
aultdict(float)

original_graph.nodes:

id not in self.original_graph.entry_node_ids and node.node_id #
_node_id:

ss[node.node_id] = 0.0

graph_adj = defaultdict(list)

for edge in self.
graph_adj[edg

all_nodes = [node
for source in all

stack = []

original_graph.edges:
e.source].append(edge.target)

.node_id for node in self.original_graph.nodes]

_nodes:

paths = defaultdict(list)
sigma = defaultdict(int)

dist = defaul

tdict(lambda: -1)

delta = defaultdict(float)

sigma[source]
dist[source]
queue = deque

while queue:
v = queue
stack.app

for w in
if di

q

d

if di

s

=1
=0
([sourcel)

.popleft()
end(v)

graph_adj[v]:

stlw] < 0:
ueue.append(w)

ist[w] = dist[v] + 1
st[w] = dist[v] + 1:
igma[w] += sigma[v]

paths[w].append(v)

while stack:
w = stack

for v in
delta

if w # s
self.original_graph.final
betwe

n = len(all_nodes
if n > 2:

normalization

for node_id i

betweenne

return dict(betwe

-pop()
paths[w]:
[v] += (sigmalv] / sigmalw]) * (1 + deltalw])

ource and w not in self.original_graph.entry_node_ids and w #
_node_id:

enness[w] += deltalw]

)
=(n-1) » (n - 2)
n betweenness:

ss[node_id] A~ normalization

enness)

Figure 12: Code of Betweenness Centraility Algorithm
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def identify_pruning_candidates(self) — Dict[str, float]:
self.betweenness_scores = self.compute_betweenness_centrality()

pruning_candidates = {}
for node in self.original_graph.nodes:
node_id = node.node_id

if node_id in self.original_graph.entry_node_ids:
continue

if node_id = self.original_graph.final_node_id:
continue

pruning_candidates[node_id] = self.betweenness_scores.get(node_id, 0)
return pruning_candidates
def get_pruned(self) — Tuple[Dict[str, GraphFlow], GraphFlow]:
pruning_candidates = self.identify_pruning_candidates()
one_pruned_graphs: Dict[str, GraphFlow] = {}
for node_to_remove in pruning_candidates.keys():

new_nodes = [
node for node in self.original_graph.nodes
if node.node_id # node_to_remove
]
new_edges = [
edge for edge in self.original_graph.edges
if edge.source ¥ node_to_remove and edge.target % node_to_remove

new_graph = GraphFlow(
nodes=new_nodes,
edges=new_edges,
entry_node_ids=self.original_graph.entry_node_ids,
final_node_id=self.original_graph.final_node_id,
description=f"Pruned from {self.original_graph.description} (removed: {node_to_remove},
betweenness: {self.betweenness_scores.get(node_to_remove, 0):.4f})"

)
one_pruned_graphs[str(node_to_remove)] = new_graph

new_nodes = [
node for node in self.original_graph.nodes
if node.node_id not in pruning_candidates.keys()
]
new_edges = [
edge for edge in self.original_graph.edges
if edge.source not in pruning_candidates.keys() and edge.target not in pruning_candidates.keys()

all_pruned_graph = GraphFlow(
nodes=new_nodes,
edges=new_edges,
entry_node_ids=self.original_graph.entry_node_ids,
final_node_id=self.original_graph.final_node_id,
description=f"Pruned all candidates"

return one_pruned_graphs, all_pruned_graph

Figure 13: Code of Betweenness Centraility Algorithm (cont.)
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from typing import Tuple, Dict, List
from copy import copy

from src.core.graphflow import GraphFlow
from src.utils.logs import logger

from src.core.pruners.base import Pruner
from src.core.graphflow import Edge

class ShapleyPruner(Pruner)
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predecessors

def __init_ (self, original_graph: GraphFlow):
super().__init_ (original_graph)

def identify_pruning_candidates(self) — Dict[str, float]:
pruning_candidates = {}
for node in self.original_graph.nodes:
if node.node_id # self.original_graph.final_node_id and node.node_id not in
self.original_graph.entry_node_ids:
pruning_candidates[node.node_id] = 1.0

return pruning_candidates
get_pruned(self) — Tuple[Dict[str, GraphFlow], GraphFlow]:

pruning_candidates = self.identify_pruning_candidates()
pruned_graphs: Dict[str, GraphFlow] = {}

for node_id in pruning_candidates.keys():
pruned_graph = self._prune_node(self.original_graph, node_id)
if pruned_graph:
pruned_graphs[node_id]
all_pruned_graph = None
return pruned_graphs, all_pruned_graph

prune_node(self, graph: GraphFlow, node_id: str):

[copy(n) for n in graph.nodes if n.node_id % node_id]
[copy(e) for e in graph.edges if e.source # node_id and e.target # node_id]

= [e.source for e in graph.edges if e.target
[e.target for e in graph.edges if e.source = node_id]
existing_edges = {(e.source, e.target) for e in new_edges}

for p in predecessors:
for s in successors:
if (p, s) not in existing_edges and p % s:
old_edge = next((e for e in graph.edges if e.source = p and e.target = node_id), None)
if old_edge:
new_edge = copy(old_edge)
new_edge.source = p
new_edge.target = s
else:
new_edge = Edge(source=p, target=s)
new_edges.append(new_edge)
existing_edges.add((p, s))

56
57
58
59
60
61
62
63
64
65
66
67

new_graph = GraphFlow(
nodes=new_nodes,
edges=new_edges,
entry_node_ids=[id for id in graph.entry_node_ids if id % node_id],
final_node_id=graph.final_node_id,
description=f"Graph which has pruned node:{node_id} ",

return new_graph
except Exception as e:

logger.error(f"Fail to prune node {node_id} failed: {e}")
return None

Figure 14: Code of Approximate Shapley value Algorithm
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