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Abstract

Agentic workflows are commonly used to guide
large language models in solving complex rea-
soning tasks. However, existing automated
workflow generation methods primarily rely on
stepwise local refinement or tree-based search
over a single evolving workflow. Under lim-
ited optimization budgets, this paradigm con-
strains structural depth, hindering the discov-
ery of workflows that require deep composi-
tional structure. To address this limitation, we
propose FUSIONFLOW, a framework centered
on workflow fusion. Unlike incremental refine-
ment, fusion enables structural leaps by syn-
thesizing multiple independently evolved work-
flows, allowing exploration of deeper regions
of the workflow space within a finite budget.
To make fusion effective, FUSIONFLOW in-
tegrates local optimization, task-specific dif-
ferentiation, and a dynamic scheduling mech-
anism. Experiments on six reasoning bench-
marks demonstrate that FUSIONFLOW consis-
tently outperforms existing automated work-
flow generation methods. Further ablation and
analysis confirm that fusion is the key driver of
deep structural exploration, highlighting fusion-
driven exploration as an effective approach
for overcoming depth limitations in automated
workflow generation.

1 Introduction

Large language models (LLMs) (Touvron et al.,
2023; Achiam et al., 2023; Anthropic, 2025b) have
demonstrated strong capabilities in reasoning, plan-
ning, and decision-making (Wang et al., 2024a;
Zaharia et al., 2024; Xi et al., 2025), giving rise
to LLM-based agent systems that autonomously
tackle complex tasks across diverse domains with
minimal human intervention (Hong et al., 2023;
Qian et al., 2024a; Ridnik et al., 2024). Early agent
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Figure 1: Illustration of structural depth limitation
under a finite optimization budget. Incremental opti-
mization methods are restricted to a shallow structural
depth proportional to the iteration count. In contrast,
fusion-based exploration enables structural leaps that
allow the search to reach deeper regions of the workflow
space within the same budget.

systems emphasize free-form reasoning, enabling
autonomous planning and dynamic interaction with
environments (Chen et al., 2023; Qiao et al., 2024;
Zhu et al., 2024). Despite their adaptability and cre-
ativity, such systems often suffer from instability
and limited controllability. To address these limi-
tations, recent work has introduced agentic work-
flows, which structure reasoning into repeatable,
explicitly defined pipelines of LLM calls (Khattab
et al., 2024; Zhou et al., 2024; Yuksekgonul et al.,
2024). By constraining decision-making within
well-defined workflows, these approaches provide
more stable and controllable foundations for com-
plex problem solving.

Existing automated workflow generation frame-
works explore large combinatorial spaces of code-
or graph-based workflows and iteratively refine
candidate workflows based on execution feedback
(Zhuge et al., 2024; Hu et al., 2024; Liu et al.,
2025), shifting the role of LLMs from solving in-
dividual tasks to constructing structured problem-
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solving procedures. Representative methods such
as ADAS (Hu et al., 2024) and AFlow (Zhang et al.,
2024) operationalize this paradigm through heuris-
tic optimization and tree-based exploration. Under
practical optimization budgets, however, such in-
cremental local refinement often constrains explo-
ration to limited structural depth, i.e., the number
of effective structural modifications accumulated
along an optimization path, making it difficult to
discover workflows with sufficiently complex struc-
tures, as illustrated in Figure 1 and further analyzed
in Appendix D.

To overcome this structural depth limitation, we
introduce the Fusion Operator. Unlike incremen-
tal local refinement methods that optimize a single
workflow through step-wise modifications, fusion
synthesizes effective components from multiple
candidate workflows, enabling structural leaps dur-
ing search. However, fusion alone is insufficient for
effective structural exploration. Its success depends
on the availability of diverse and complementary
workflow structures to integrate. To this end, we
leverage empirical observations about the organi-
zation of complex reasoning tasks. An analysis
of the MATH benchmark (Figure 2A) reveals that
such tasks often exhibit clear sub-domain struc-
ture, with distinct reasoning patterns across prob-
lem categories. This motivates a search strategy in
which workflows are first specialized for different
sub-domains and subsequently fused to construct a
more robust global solution. Guided by this obser-
vation, we introduce the Differentiation Operator,
which explicitly encourages the emergence of di-
verse, specialized workflow variants that serve as
complementary building blocks for effective fu-
sion.

Based on these insights, we propose FUSION-
FLOW, a workflow generation framework cen-
tered on fusion-driven structural exploration. The
core of this framework is the Fusion Operator,
which serves as the primary mechanism for break-
ing structural depth limitations, while other com-
ponents are designed to support its effectiveness.
Specifically, we incorporate an Optimization Op-
erator to perform stable local refinement and a Dif-
ferentiation Operator to generate diverse, com-
plementary workflows for fusion. Coordinating
these operators introduces a challenge, as they in-
volve different trade-offs between exploitation and
exploration. To address this issue, we introduce a
Dynamic Scheduling Algorithm as the core con-
trol mechanism of FUSIONFLOW. Modeled as

a non-stationary Markov process, this algorithm
adaptively selects operators, balancing stable local
improvement with high-variance structural evolu-
tion.

Experiments on six reasoning benchmarks
demonstrate that FUSIONFLOW consistently out-
performs existing automated workflow generation
methods. Further ablation and analysis confirm
that fusion is the key driver of deep structural ex-
ploration, highlighting fusion-driven exploration as
an effective approach for overcoming depth limita-
tions in automated workflow generation.

Our contributions are summarized as follows:

• We characterize the structural depth limi-
tation of incremental workflow optimization
methods and introduce the Fusion Operator
to enable structural exploration beyond single-
step refinement.

• We present FUSIONFLOW, a fusion-centered
workflow generation framework in which
optimization, differentiation, and dynamic
scheduling are designed to support effective
fusion.

• Experiments on multiple benchmarks validate
that fusion is the key driver for overcoming
depth limitations and achieving superior per-
formance.

2 Related Work

2.1 LLM-based Autonomous Agent Planning

Early agent systems were mainly built for specific
domains such as code generation (Hong et al., 2023;
Qian et al., 2024a; Ridnik et al., 2024), question an-
swering (Zhou et al., 2022, 2023; Xu et al., 2024),
and robotics (Liang et al., 2022; Singh et al., 2022;
Song et al., 2023). These systems followed fixed
pipelines or rule-based designs for task planning
and reasoning (Wang et al., 2024a; Xi et al., 2025).
As large language models (LLMs) became more ca-
pable (Achiam et al., 2023; Anthropic, 2025b), re-
search shifted toward agents that can plan and make
decisions more flexibly (Chen et al., 2023; Zhuge
et al., 2023; Huang et al., 2024; Qiao et al., 2024;
Zhu et al., 2024; Liu et al., 2025). Such LLM-based
agents can decompose and solve problems through
natural language reasoning, showing strong flexibil-
ity and creativity. However, their decision process
is not explicitly structured, so their behavior and
results are often unpredictable before execution.
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This makes it difficult to optimize them for specific
tasks or to ensure consistent performance. Current
improvements mainly focus on higher-level strate-
gies, such as using multiple agents to cooperate
(Guo et al., 2024; Wang et al., 2024a; Qian et al.,
2024b) or adding external feedback loops (Shinn
et al., 2023; Wang et al., 2024b,c). While these
methods improve stability to some extent, they still
lack precise control over the reasoning process.

2.2 Automated Agentic Workflow
Optimization

Agentic workflows provide a structured alternative
to fully autonomous agents by organizing multi-
ple LLM calls into explicit, executable reasoning
pipelines (Zhuge et al., 2024; Hu et al., 2024; Liu
et al., 2025). By constraining decision making
within predefined workflow structures, these ap-
proaches improve controllability and reproducibil-
ity compared to free-form agent behaviors.

Early work primarily focused on improving per-
formance within fixed workflows through prompt
or parameter optimization, without modifying the
underlying structure (Chen et al., 2023; Xu et al.,
2023; Yang et al., 2023; Fernando et al., 2023;
Khattab et al., 2024; Zhou et al., 2024; Yuksek-
gonul et al., 2024). More recent methods ex-
tend this line of research by directly searching
over workflow structures, representing workflows
as graphs or executable programs and refining
them through iterative optimization (Li et al., 2024;
Cheng et al., 2024; Zhuge et al., 2024; Hu et al.,
2024; Zhang et al., 2024). Despite differences
in representation and search strategy, most exist-
ing approaches incrementally refine a single candi-
date workflow through local modifications, limit-
ing achievable search depth under practical budgets.
Our work departs from this paradigm by enabling
structural exploration beyond single-path refine-
ment, addressing the depth limitation of prior meth-
ods.

3 Method

3.1 Preliminary

Agentic Workflow. Formally, an agentic work-
flowW is defined as an executable program mod-
eled by a directed graph G = (N , E), where N
represents the set of functional nodes and E repre-
sents the control flow logic connecting them.

Each node ni ∈ N encapsulates a specific
atomic operation performed by a LLM. A node is

parameterized as ni = (M,P, τ,F), where M , P ,
τ and F denotes the backbone model, the natural
language prompt instruction, the sampling tempera-
ture, and the output format constraints respectively.
The edge set E is implemented via programming
language constructs, supporting sequential execu-
tion, conditional branching, loops, and recursive
calls. We provide representative code examples of
the workflow graph structure, operator interfaces,
and prompt organization used in FUSIONFLOW in
Appendix G.

Given an input task x, the workflow executes
by traversing the directed graph according to the
control-flow edges, invokes a sequence of LLM-
based nodes, and finally returns a single output as
the final answer. Mathematically, a workflowW
acts as a mapping function fW : X → Y , which
takes an input task x ∈ X and produces a final
answer y ∈ Y , where X denotes the input space of
task instances and Y denotes the output space of
answers.

Problem Definition. We formulate the auto-
mated generation of agentic workflows as a search
problem within the infinite workflow space S.
Given a task dataset D = {(xj , yj)}|D|

j=1 and an
evaluation metric G(ŷ, y), for each task instance
(x, y) sampled from the dataset, the workflow pro-
duces a prediction ŷ = fW(x), which is then com-
pared against the ground-truth label y via the metric
G(ŷ, y) to obtain a scalar score. The overarching
objective is to identify an optimal workflow W∗

that maximizes the expected performance over the
data distribution:

W∗ = argmax
W∈S

E(x,y)∼D[G(ŷ, y)] (1)

Here, E(x,y)∼D[·] denotes the empirical expectation
over the dataset.

Structural Depth. We define the structural
depth d(W) of a workflow as the number of ef-
fective modifications it accumulates during the
search process. Intuitively, each optimization step
adds one modification, differentiation preserves
the parent’s depth, and fusion aggregates modi-
fications from multiple parent workflows. For-
mally, let N (W) denote the set of modification
nodes inW , then d(W) = |N (W)|. Under purely
incremental optimization, the maximum achiev-
able depth is bounded by the length of a single
optimization chain. In contrast, fusion enables
d(Wfuse) ≥ maxi d(Wi) by merging modification
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Figure 2: Overall framework of FUSIONFLOW. (A) The task space exhibits a clustered structure (e.g., Algebra,
Geometry in MATH Dataset), motivating targeted search strategies. (B) The evolutionary search tree where nodes
represent workflows and edges denote operations. The illustration shows how the framework progressively improves
by leveraging information accumulated from previously explored workflows through Optimization, Differentiation,
and Fusion, evolving from a baseline (0.72) to the optimal workflow (0.83). (C) An example structure of an
executable workflow. (D) Conceptual illustrations of the three core operators.

histories from multiple trajectories, thereby allow-
ing workflows to reach deeper structural regions
within a finite iteration budget. The formal recur-
sive definition and empirical analysis are provided
in Appendix D.1.

3.2 Overview of FUSIONFLOW

Figure 2 illustrates the overall design of FUSION-
FLOW. The framework operates over a search
tree T = (W,O) where each nodeW represents
a fully executable workflow and edges O corre-
spond to transformation operators. At each iter-
ation t, the framework selects an operator Ot ∈
{Oopt,Odiff,Ofuse} and one or more parent work-
flows from the previously explored nodes, then
applies the operator to generate a new workflow
node, thereby expanding the search tree.

In our framework, agentic workflows are com-
posed of atomic operators connected by code con-
trol logic, which allows a large language model
to synthesize a composite workflow by identify-
ing shared structures and reconciling complemen-
tary components across multiple workflows. Fu-
sion itself is therefore not difficult to apply (as
demonstrated in Appendix B.5). The main chal-

lenge, however, lies in determining when fusion
should be applied and which workflows should be
fused, as indiscriminate fusion can result in redun-
dancy, incompatible coordination, or performance
degradation.

To address these challenges, FUSIONFLOW in-
corporates a set of auxiliary components that jointly
ensure the effectiveness of fusion:

• Optimization refines individual workflows to
produce candidates with reliable local behav-
iors.

• Differentiation intentionally introduces struc-
tural and functional diversity, creating com-
plementary candidate workflows.

• Dynamic Scheduling Algorithm coordinates
these components with the fusion operator,
adaptively regulating fusion timing and can-
didate selection to maximize depth expansion
under limited iteration budgets.

3.3 Fusion Operator

We formalize workflow fusion as a structure level
composition operator Ofuse that synthesizes multi-
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ple agentic workflows into a single complex work-
flow. Let S = {(Wi,Hi)}Ki=1 denote a selected
set of K parent units (K ≥ 2), where Hi denotes
execution feedback ofWi on the task dataset. For-
mally, the fusion process is defined as:

W fuse
t+1 ←M(S; Ifuse) (2)

Unlike optimization, fusion integrates the internal
structures of multiple workflows. Concretely, each
parent workflow Wi is represented as a directed
graph Gi = (Ni, Ei). The fused workflowW fuse

t+1 in-
tegrates selected subgraphs from Gi through newly
constructed control-flow nodes. As a result,W fuse

t+1

preserves the functional behaviors of its parents
while introducing additional coordination logic.
The core logic of the fusion operator is summa-
rized in Appendix H.2.

3.4 Support Components
3.4.1 Optimization Operator
The optimization operator Oopt performs local re-
finement on a single workflow to improve reliabil-
ity and correctness. Formally, it is defined as:

Wopt
t+1 ←M((Wt,Ht); Iopt) (3)

where Iopt specifies optimization instructions that
constrain the modification to prompt content and
node parameters. Within FUSIONFLOW, optimiza-
tion primarily serves as a preparatory operator that
stabilizes local behaviors and ensures that work-
flows are sufficiently mature before being consid-
ered as reliable building blocks for fusion. Ap-

pendix H.1 provides the main logic used to produce
and validate a single local refinement.

3.4.2 Differentiation Operator
The differentiation operator Odiff generates special-
ized variants of a workflow with respect to different
task subspaces. Given a workflowWt, differentia-
tion produces a specialized workflow:

Wdiff
t+1 ←M((Wt,Ht), Ck; Idiff) (4)

where Ck ⊂ D represents a task sub-cluster and
Idiff guides structural or reasoning-level modifi-
cations conditioned on the characteristics of Ck.
Differentiation increases functional and structural
diversity in the pool, aiming to produce comple-
mentary workflows that make subsequent fusion
more likely to yield non-redundant gains. We sum-
marize the differentiation main execution logic in
Appendix H.3.

3.4.3 Dynamic Scheduling Algorithm
We model the search process as a partially observ-
able Markov decision process which is formally
illustrated in Appendix B.7. To coordinate the
overall search process, we introduce a dynamic
scheduling mechanism (as shown in Figure 3) that
regulates the application of all operators in the
framework. Since workflow fusion constitutes the
core contributor to depth expansion in FUSION-
FLOW, we focus our presentation here on fusion
scheduling, including when fusion is applied and
how fusion candidates are selected. The complete
scheduling procedure over all operators is provided
in the Appendix C and Appendix E.
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Probabilistic Fusion Scheduling Within the
Markov decision framework, the scheduler must
decide when to transition from exploitation to ex-
ploration. We use recent performance dynamics
as an observable proxy for the latent advantage of
each operator. Let Rt denote the best performance
achieved at iteration t. Over a sliding window of
size k, we define

Rrecent
t = max

u∈[t−k+1, t]
Ru,

R
prev
t = max

u∈[t−2k+1, t−k]
Ru.

(5)

Using the window maximum provides a robust
progress indicator that tracks upper-bound improve-
ment while filtering evaluation noise. The improve-
ment difference ∆t = Rrecent

t −R
prev
t serves as an

empirical estimator for the marginal return of con-
tinued local refinement. Based on this quantity, we
define a fusion activation signal

πt =
1

1 + exp
[
κ ·∆t

] (6)

where κ controls sensitivity to performance stagna-
tion. A higher πt indicates reduced marginal gains
from local refinement, under which the scheduler
assigns higher probability to selecting fusion (as
illustrated in Appendix B.7 and Appendix C).

Fusion Candidate Selection Once fusion is acti-
vated, the scheduler must select which workflows
to fuse. This corresponds to choosing the action
operands within the Markov decision process. Can-
didate selection is based on structural complemen-
tarity and behavioral consensus, which approxi-
mate the latent compatibility between workflows
that determines fusion success.

Concretely, the scheduler first filters a small
subset P ′ ⊂ Pt of good performance workflows.
We then evaluate candidate workflow groups S =
{W1, . . . ,Wm} ⊂ P ′ using a fusion potential that
jointly captures complementary coverage and be-
havioral consensus. For each workflow Wi, let
Ci ⊆ D denote the subset of task instances in the
dataset thatWi successfully solves. Complemen-
tarity and consensus are measured by both pairwise
set operations within the group and group-level ag-
gregation, and the group with the highest combined
score Φfuse is selected for fusion (as illustrated in
Appendix C.4).

4 Experiments

4.1 Experimental Setup

Datasets. Following the convention of previous
work on automated workflow generation (Hu et al.,
2024; Zhang et al., 2024), we evaluate our method
on six public benchmarks, including HotpotQA
(Yang et al., 2018), DROP (Dua et al., 2019),
HumanEval (Chen, 2021), MBPP (Austin et al.,
2021), GSM8K (Cobbe et al., 2021), and MATH
(Hendrycks et al., 2021). As is common practice,
these methods require a small annotated set for
workflow optimization; therefore, we split each
dataset into a validation set and a test set at a 1:4
ratio, using the former for optimization. Further
details on the datasets and their splits are provided
in Appendix A.1.

Baselines. We compare our method against two
types of baselines. First, we consider a range
of manually designed prompting methods, includ-
ing standard IO (Direct LLM invocation), Chain-
of-Thought (Wei et al., 2022), Self-Consistency
with CoT (5 answers) (Wang et al., 2022), Multi-
Persona Debate (Wang et al., 2024d), Self-Refine
(max 3 iterations) (Madaan et al., 2023), and Med-
Prompt (Nori et al., 2023). Second, we compare
against automated workflow optimization methods,
specifically the recent approach such as ADAS (Hu
et al., 2024) and AFlow (Zhang et al., 2024).

Inference Details. We use different models for
the optimization and execution phases. Specifi-
cally, we employ Claude-3-7-Sonnet (Anthropic,
2025a) as the optimizer and GPT-4o-mini (OpenAI,
2024) as the executor. All models are accessed via
APIs with a temperature of 0. Further details are
provided in Appendix A.2.

4.2 Main Results

Table 1 summarizes the performance of all methods
across six benchmarks. API costs are reported
separately in Appendix A.3.

Comparison with Manual Prompting. Over-
all, FUSIONFLOW outperforms most manually
designed prompting strategies and achieves the
highest average accuracy across benchmarks. No-
tably, it yields substantial improvements on MATH,
DROP, and MBPP. For example, on MATH, FU-
SIONFLOW surpasses MedPrompt by +5.1 points
(67.5 vs. 62.4), indicating that automatically dis-
covered workflows can outperform static prompt
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Method Benchmarks Avg.
HotpotQA DROP HumanEval MBPP GSM8K MATH

Manual Prompting Methods

IO (Direct) 69.1 78.3 87.0 72.1 91.5 56.4 75.7
CoT (Wei et al., 2022) 66.6 79.4 91.6 71.6 90.3 59.3 76.5
CoT SC (5-shot) (Wang et al., 2022) 63.8 77.0 87.0 73.9 92.5 62.1 76.1
MultiPersona (Wang et al., 2024d) 68.8 78.5 90.8 69.5 91.4 62.6 76.9
Self-Refine (Madaan et al., 2023) 64.3 75.0 92.4 73.9 85.5 56.4 74.6
MedPrompt (Nori et al., 2023) 70.6 78.9 90.1 74.2 91.2 62.4 77.9

Automated Workflow Optimization

ADAS (Hu et al., 2024) 74.3 75.6 85.5 70.1 88.4 52.9 74.5
AFlow (Zhang et al., 2024) 68.8 83.3 89.3 81.3 91.2 62.6 79.4
FUSIONFLOW(ours) 77.0 84.9 90.8 84.5 90.8 67.5 82.6

Table 1: Performance comparison on six public benchmarks. All methods utilize GPT-4o-mini as the executor. We
report accuracy (%) for all tasks. Best results are highlighted in bold.

Variant Accuracy(%)

IO 56.4
CoT 59.3

w/ FUSIONFLOW

Optimization Only 62.6 (↑ 6.2)
+ Differentiation 61.7 (↑ 5.3)
+ Fusion 64.8 (↑ 8.4)
+ Diff. & Fusion 67.5 (↑ 11.1)

Table 2: Ablation study of FUSIONFLOW components
on the MATH dataset, using GPT-4o-mini as the execu-
tor model.

designs under identical model settings.

Comparison with Automated Optimization.
We further compare FUSIONFLOW with auto-
mated workflow optimization baselines. Across all
benchmarks, FUSIONFLOW consistently achieves
stronger performance, outperforming AFlow by an
average margin of +3.2 points. While AFlow re-
mains competitive on several benchmarks, its over-
all performance is limited under the same optimiza-
tion budget. In contrast, FUSIONFLOW demon-
strates more robust gains, suggesting the effective-
ness of its workflow generation strategy beyond
incremental refinement.

Summary of Observations. Taken together, the
results in Table 1 show that FUSIONFLOW delivers
consistent improvements over both manually de-
signed prompting methods and existing automated
optimization approaches. These gains motivate
a deeper analysis of how different optimization
strategies explore the workflow space, which we
examine in detail through optimization dynamics
(Section 4.5) and structural depth analyses (Ap-

Backbone Method Accuracy (%)

GPT-4o-mini
IO 56.4
AFlow 62.6
Ours 67.5

GPT-4o
IO 63.6
AFlow 68.1
Ours 74.7

Qwen-2.5-14b
IO 60.5
AFlow 64.4
Ours 68.1

Llama-3-8b
IO 10.3
AFlow 28.8
Ours 29.8

Table 3: Performance Comparison across Different
Models. We compare our method with IO and AFlow
using four different foundation models.

pendix D) in subsequent sections.

4.3 Ablation Study

To investigate the contribution of each component
in FUSIONFLOW, we conduct an ablation study on
the MATH dataset. We define four variants: (1) Op-
timization Only: which degenerates to a standard
iterative search similar to AFlow; (2) + Differenti-
ation: which enables Differentiation Operator; (3)
+ Fusion: which enables Fusion Operator and (4)
+ Diff. & Fusion: which activates both operators
and represents the full version of FUSIONFLOW.

As presented in Table 2, optimization alone
quickly saturates, confirming the limited depth
reachable by purely local search. Differentiation
yields modest gains by increasing exploration di-
versity, but improvements remain constrained.

In contrast, enabling fusion leads to a substan-
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Figure 4: Validation accuracy during optimization across 20 rounds. Scatter points show the validation accuracy of
individual candidate workflows at each round, while solid step curves report the best-so-far validation accuracy,
which serves as the workflow selection criterion. Horizontal dashed lines indicate the final best validation accuracy
achieved by each method, with ∆ denoting the absolute improvement (percentage points) of FUSIONFLOW over
AFlow.

tial performance gain (+8.4 points), demonstrating
that fusion is the primary driver for escaping lo-
cal optima. Combining differentiation and fusion
achieves the best performance, as diverse workflow
variants provide complementary structures for ef-
fective fusion. These results directly support our
claim that structural exploration through fusion is
an effective way to overcome depth limitations.

4.4 Robustness Across Execution Models

To evaluate robustness, we test FUSIONFLOW
with four different executor models on the MATH
dataset: GPT-4o-mini, GPT-4o, Qwen-2.5-14b, and
Llama-3-8b. As shown in Table 3, FUSIONFLOW
consistently outperforms Direct IO and AFlow
across all executors. While absolute accuracy
varies with model capability, the relative improve-
ment over AFlow remains stable, indicating that
the benefits of fusion-based structural exploration
are largely model-agnostic.

4.5 Optimization Dynamics

We analyze optimization trajectories under identi-
cal iteration budgets of 20 rounds across six bench-
marks. The primary metric is the best-so-far vali-
dation accuracy achieved across all rounds (step
curves in Figure 4), since the final workflow is
selected based on validation performance and eval-
uated only once on the test set.

As shown in Figure 4, two distinct regimes
emerge. On relatively simple benchmarks (GSM8K
and HumanEval), both methods converge rapidly,
with best-so-far curves plateauing within a few
iterations, indicating that shallow workflows are
sufficient and leaving limited room for structural
exploration. In contrast, on more complex bench-
marks (HotpotQA, MBPP, and MATH), AFlow
stagnates early, whereas FUSIONFLOW continues
to discover improved workflows, achieving abso-
lute accuracy gains of +8.0%, +4.9%, and +7.8%,
respectively.

Notably, FUSIONFLOW exhibits higher per-
round variance, which is a direct consequence of
the exploratory operators (differentiation and fu-
sion) that go beyond single-step refinement. This
exploration mechanism enables FUSIONFLOW to
break through the structural depth limitations, es-
caping local optima and ultimately attaining higher
best-so-far performance.

5 Conclusion

Existing automated workflow generation methods
based on incremental refinement are constrained
by structural depth limitations, often leading to
early stagnation under finite optimization budgets.
To address this issue, we propose FUSIONFLOW,
a framework that enables structural exploration
through workflow fusion, supported by optimiza-
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tion, differentiation, and dynamic scheduling. Ex-
periments on six benchmarks demonstrate consis-
tent improvements over existing methods, show-
ing that fusion-driven exploration is an effective
approach for overcoming depth limitations in auto-
mated workflow generation.

Limitations

This work shares several limitations common to au-
tomated agentic workflow generation frameworks.
First, introducing workflow optimization inevitably
incurs additional computational overhead com-
pared to directly applying a fixed model at infer-
ence time. Although our experiments adopt rela-
tively low-cost execution models, which may lead
to comparable or even lower deployment costs than
using stronger models directly, the optimization
stage still introduces extra expense that may be
undesirable in latency- or budget-critical settings.

Second, workflow optimization can reduce flex-
ibility and generalization across diverse task dis-
tributions. Effective workflows often require opti-
mization on a representative subset of tasks before
deployment, which limits their ability to adapt in-
stantly to unseen or highly heterogeneous problem
domains. As a result, automated workflow genera-
tion is better suited to scenarios where task distribu-
tions are relatively stable, domain specialization is
desired, and low-cost models are preferred, while
some degree of offline optimization or preprocess-
ing is acceptable.

Addressing these limitations, particularly im-
proving generalization efficiency and reducing opti-
mization overhead, remains an important direction
for future research.
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A Appendix: Datasets and Experimental
Setup

In this appendix, we provide a detailed account of
the datasets, data partitioning, and inference details
in our experiments.

A.1 Dataset Descriptions
We conducted our experiments on six widely-used
public benchmarks spanning a diverse range of rea-
soning tasks, including question answering, code
generation, and mathematical problem-solving. For
each dataset, we used a subset of instances, which
were partitioned into a validation set for workflow
optimization and a test set for final performance
evaluation.

HotpotQA (Yang et al., 2018) A multi-hop ques-
tion answering dataset that requires finding and
reasoning over multiple supporting documents to
answer a question.

• Task Type: Multi-hop QA

• Data Source: 1,000 instances randomly sam-
pled from the original test set.
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• Data Split: 200 instances for the validation
set and 800 for the test set.

DROP (Dua et al., 2019) A challenging reading
comprehension benchmark requiring discrete rea-
soning over paragraphs, such as addition, counting,
or sorting.

• Task Type: Reading Comprehension

• Data Source: 1,000 instances randomly sam-
pled from the original development (dev) set.

• Data Split: 200 instances for the validation
set and 800 for the test set.

HumanEval (Chen, 2021) A code generation
dataset comprising 164 handwritten programming
problems. Each problem includes a function signa-
ture, docstring, body, and several unit tests.

• Task Type: Code Generation

• Data Source: The full original test set.

• Data Split: 33 instances for the validation set
and the remaining 131 for the test set, follow-
ing prior work.

MBPP (Mostly Basic Python Problems) (Austin
et al., 2021) An entry-level Python programming
dataset consisting of around 500 crowd-sourced
tasks, each with a short description, a code solution,
and three test cases.

• Task Type: Code Generation

• Data Source: The full original test set.

• Data Split: 86 instances for the validation set
and the remaining 341 for the test set.

GSM8K (Cobbe et al., 2021) A dataset of high-
quality, grade-school math word problems that re-
quire a sequence of elementary arithmetic opera-
tions to solve.

• Task Type: Math Word Problems

• Data Source: The full original test set.

• Data Split: 264 instances for the validation
set and 1055 for the test set.

MATH (Hendrycks et al., 2021) A challenging
dataset of mathematics competition problems. Our
experiments focus on a curated subset of 605 prob-
lems from four specific domains-Combinatorics
& Probability, Number Theory, Pre-algebra, and
Pre-calculus-all at difficulty level 5.

• Task Type: Advanced Mathematics

• Data Source: A curated subset of 605 prob-
lems at difficulty level 5.

• Data Split: 119 instances for the validation
set and 486 for the test set.

A.2 Inference Details

We use different models for the optimization and
execution phases. Specifically, we employ Claude-
3-7-Sonnet (Anthropic, 2025a) as the optimizer
and GPT-4o-mini (OpenAI, 2024) as the executor.
All models are accessed via APIs with a temper-
ature of 0. For our method and AFlow, we set
the maximum number of optimization iterations
to 20. This setting follows the standard configu-
ration in prior work and ensures a fair compari-
son under limited optimization budgets. For the
manually designed prompting methods, we use the
same executor model (GPT-4o-mini) to ensure a
fair comparison. This design choice is intentional:
we leverage a more powerful model for the opti-
mizer, which is called infrequently, and a more
cost-effective model for the executor, which is in-
voked for every task step. This strategy allows us
to achieve high-quality workflow discovery while
controlling the overall inference cost.

A.3 API Cost Analysis

This section provides a breakdown of the total API
costs incurred for running the complete FUSION-
FLOW and AFlow pipelines (covering both the
20-iteration workflow discovery phase and the sub-
sequent inference phase) on each of the six bench-
mark datasets. The costs, summarized in Table 4,
are reported in US Dollars ($).

The workflow discovery phase is a one-time ex-
penditure, after which the per-task inference cost
using the economical executor model (GPT-4o-
mini) is substantially lower.

Time Consumption Analysis. To complement
the monetary cost analysis, we further report wall-
clock time alongside API cost for both the opti-
mization and inference phases. All measurements
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Table 4: Total API cost (optimization + inference) com-
parison between FUSIONFLOW and AFlow.

Dataset FUSIONFLOW ($) AFlow ($)

HotpotQA 5.8 6.7
DROP 6.5 4.2
HumanEval 3.0 3.3
MBPP 4.7 4.1
GSM8K 14.8 15.7
MATH 18.4 16.0

are conducted on MBPP with GPT-4o-mini as the
executor and parallel evaluation enabled (batch size
= 20). Results are summarized in Table 5.

Table 5: Time and API cost comparison on MBPP (GPT-
4o-mini, batch size = 20). Total Cost refers to the com-
bined optimization and inference expenditure reported
in Table 4.

Metric AFlow Ours

Total Cost ($) 4.1 4.7

Optimization Time (s) 939.81 1032.10
Optimization Cost ($) 3.41 3.78

Inference Time (s) 145.11 192.34
Inference Cost ($) 0.72 0.93
Inference Cost / Prob. ($) 0.0021 0.0027

FUSIONFLOW incurs only a modest overhead
during optimization (roughly 10% more time and
cost than AFlow), a one-time expense amortized
across all subsequent runs. At inference, the per-
problem cost remains well below a third of a
cent, confirming that deploying FUSIONFLOW-
discovered workflows is highly economical given
the accuracy gains reported in the main paper.

B Theoretical Analysis

This appendix provides theoretical insights that mo-
tivate the design of FUSIONFLOW. Our analysis
clarifies (i) why incremental optimization alone is
insufficient under finite budgets, (ii) why workflow
fusion induces different search dynamics, and (iii)
why scheduling and candidate selection are neces-
sarily post-hoc and heuristic in nature.

B.1 Problem Structure and Search Space
Let S denote the space of all executable agen-
tic workflows. Each workflow W ∈ S is repre-
sented as a directed control-flow graph composed

of atomic operators and explicit coordination logic.
We denote by d(W) the structural depth of a
workflow, defined as the number of effective modi-
fications it contains. Each workflow is associated
with a modification-node set N (W), and its depth
is d(W) = |N (W)|. The formal recursive def-
inition and detailed analysis are provided in Ap-
pendix D.

The automated workflow generation problem
can be viewed as a search process over S under
a finite iteration budget T . At each iteration, the
search applies a transformation operator that maps
one or more existing workflows to new candidates.
Crucially, the evaluation of a workflow’s utility is
only observable through execution feedback on a
finite dataset, making the search process partially
observable and non-stationary.

B.2 Limitations of Incremental Optimization
We first analyze the limitations of purely incremen-
tal optimization. Optimization operators modify
a workflow through local edits, such as prompt
refinement, parameter tuning, or small structural
adjustments. Let Oopt denote such an operator.

Observation 1 (Locality of Optimization).
Each application of Oopt induces only a bounded
structural change to the workflow graph. Con-
sequently, under a finite budget T , the structural
depth achievable through repeated optimization is
at most linear in T .

This implies that even if optimization consis-
tently improves performance, it explores the work-
flow space along a single trajectory, accumulating
depth gradually. In practice, this leads to early
saturation: once local refinements exhaust easily
accessible improvements, further iterations yield
diminishing returns.

B.3 Differentiation as Width Expansion
Differentiation operators address this limitation by
explicitly increasing exploration width. Given a
parent workflow, differentiation generates special-
ized variants that target different task subspaces.

From a search perspective, differentiation ex-
pands the frontier of exploration by creating mul-
tiple distinct trajectories. However, differentiation
alone does not increase structural depth: each dif-
ferentiated workflow remains confined to a similar
depth regime as its parent.

Observation 2 (Width without Depth). Dif-
ferentiation increases diversity across trajectories
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but does not, by itself, induce super-linear depth
growth. Under finite budgets, it primarily redis-
tributes exploration rather than enabling deeper
compositions.

Thus, while differentiation is essential for dis-
covering complementary behaviors, it cannot over-
come depth limitations on its own.

B.4 Fusion as a Non-local Search Operator

We now turn to fusion, which constitutes the central
mechanism of FUSIONFLOW. Let Ofuse denote
the fusion operator that maps a group of workflows
S = {W1, . . . ,Wm} to a new workflowWfuse.

Observation 3 (Non-local Transition). Fusion
induces a non-local transition in the work-
flow space by composing multiple independently
evolved substructures into a single executable
graph.

Specifically, if eachWi contains a mature sub-
graph discovered along a distinct optimization tra-
jectory, fusion materializes these subgraphs si-
multaneously. Under our depth definition in Ap-
pendix D.1, each workflowW is associated with
a modification-node set N (W) and d(W) =
|N (W)|. For a fusion executed at round t,
the recursive construction gives N (Wfuse) =⋃

iN (Wi) ∪ {t}. Therefore,

d(Wfuse) = |N (Wfuse)| =
∣∣∣∣∣
⋃

i

N (Wi) ∪ {t}
∣∣∣∣∣

≥ max
i
|N (Wi)| = max

i
d(Wi).

(7)
Moreover, the fusion step introduces new coordi-
nation logic (captured by the fresh fusion node {t}
in Appendix D.1), and the union can be strictly
larger than any single parent when the parents
contribute complementary modifications, in which
case d(Wfuse) strictly exceeds all parent depths.

Implication. Under a fixed iteration budget, fu-
sion enables discrete depth expansion that cannot
be achieved through sequential local edits alone.
It effectively collapses multiple exploration trajec-
tories into a single step, bypassing intermediate
states that would otherwise require many rounds of
optimization.

This property distinguishes fusion from both op-
timization and differentiation.

B.5 Why Fusion Is Feasible but Not Trivial
Although fusion induces powerful search transi-
tions, it is not difficult to imply from an implemen-
tation perspective. Agentic workflows are com-
posed of atomic operators connected by explicit,
code-level control logic. This structure allows a
large language model to synthesize a composite
workflow by identifying shared components and
reconciling complementary substructures.

However, effective fusion is not guaranteed. Ar-
bitrarily fusing workflows may result in redun-
dancy, incompatible coordination, or degraded per-
formance. Thus, the challenge of fusion lies not in
feasibility, but in selectivity.

B.6 Post-hoc Nature of Fusion Scheduling
A central difficulty in fusion-based search is decid-
ing when to apply fusion and which workflows to
fuse.

The utility of fusing a candidate group depends
on latent properties such as structural compatibility
and complementary task coverage. These proper-
ties are only observable through execution feedback
and cannot be inferred reliably a priori.

B.7 Theoretical Motivation and Practical
Approximation

This section justifies why FUSIONFLOW adopts a
feedback-driven scheduling policy. Our key claim
is that workflow scheduling is inherently a sequen-
tial decision problem under partial observability:
each operator choice not only changes the current
best score, but also reshapes the future search fron-
tier (what workflows exist, what can be fused, and
what information becomes available).

Scheduling as a POMDP. Let the search process
maintain a workflow pool Pt at iteration t. The
scheduler chooses an operator (and corresponding
targets) to apply, producing Pt+1 and new evalua-
tion feedback. This can be abstracted as a POMDP:

M = (S,A, T ,O,Ω, r, γ), (8)

where the latent state st ∈ S summarizes the unob-
served properties of the current search frontier (e.g.,
latent structural compatibility between workflows,
potential synergy from fusion, and the “distance” to
high-performing regions). The action at ∈ A cor-
responds to selecting an operator (Optimization/D-
ifferentiation/Fusion) and its operands (selected
workflow(s) or group). After executing at, the pro-
cess transitions according to an unknown dynamics
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T , and produces an observation ot ∈ O, which in-
cludes measurable statistics such as best score Rt,
per-workflow coverage sets Ci, and execution logs.
The scheduler only observes ot ∼ Ω(· | st, at−1)
and thus cannot directly compute an optimal policy
over st. Importantly, the consequence of an op-
erator is intrinsically multi-step: a differentiation
operator primarily increases future fusion upside by
creating complementary specialists, and a fusion
operator becomes beneficial after sufficient matu-
ration of its parents. This induces a long-horizon
credit assignment problem, where the value of an
action depends on how it alters future workflow
pools and future available compositions, which is
exactly the dependency that a POMDP formulation
makes explicit.

Two practical properties make the process ad-
ditionally challenging: (i) the transition is non-
stationary because the pool distribution changes
as new workflows are generated; (ii) the reward is
expensive and delayed since any operator’s effect is
only known after execution evaluation. Under these
conditions, an effective scheduler must depend on
history feedback. This motivates a feedback-driven
policy class that uses lightweight sufficient statis-
tics extracted from ot to approximate the decision-
making signal required by the underlying POMDP.

Exploration–Exploitation View: Operators as
Arms in a Contextual Bandit. At a coarse level,
the scheduler repeatedly chooses among operator
types, which can be viewed as a contextual bandit
with three arms:

at ∈ {Oopt,Odiff ,Ofuse}, (9)

where the context is the observation ot (recent score
trajectory, pool diversity, coverage patterns). Op-
timization corresponds to exploitation (local im-
provements), while differentiation and fusion cor-
respond to exploration in structure space. Under
finite budgets, an effective policy should allocate
more probability mass to exploration when the
marginal returns of exploitation diminish.

Stagnation as a Proxy for Negative Advantage.
In a rigorous RL setting, action selection is of-
ten driven by an advantage function Aπ(s, a) =
Qπ(s, a)− V π(s), which indicates whether a spe-
cific action improves upon the baseline value. How-
ever, since the latent state st is unobservable and
computing Qπ requires prohibitive sampling costs,
we seek a computationally tractable estimator. We

observe that when the marginal return of local opti-
mization diminishes, the advantage of exploitation
decreases relative to exploration. Therefore, we em-
ploy the measurable improvement rate ∆t (defined
below) as an empirical estimator for the advantage
of repeated local refinement. Let

Rrecent
t = max

u∈[t−k+1, t]
Ru, (10)

R
prev
t = max

u∈[t−2k+1, t−k]
Ru, (11)

∆t = Rrecent
t −R

prev
t . (12)

When ∆t is small or negative, the empirical advan-
tage of repeated local refinement becomes weak,
suggesting that the expected gain of Oopt is de-
creasing. We therefore define a monotone transfor-
mation into a stagnation signal:

πt = σ(−κ∆t) =
1

1 + exp(κ∆t)
, (13)

which can be interpreted as a soft gating mecha-
nism, approximating a stochastic policy that shifts
probability mass toward high-variance structural
exploration (Fusion/Differentiation) when the esti-
mated advantage of exploitation vanishes.

Why Fusion Should be Scheduled More Aggres-
sively than Generic Exploration. Differentia-
tion and fusion both expand exploration, but fusion
uniquely induces non-local transitions by compos-
ing mature substructures. In the POMDP view,
fusion is a high-variance, potentially high-reward
action whose payoff depends on latent compatibil-
ity between workflows. It is therefore sensible to
schedule fusion under two conditions: (i) exploita-
tion plateau (high πt), when local search returns
diminish; (ii) candidate maturity, when the pool
contains sufficiently competent and diverse work-
flows that make positive fusion payoff more likely.
This matches standard RL intuitions: reserve high-
variance actions for states where the baseline action
underperforms, and when the context indicates high
upside.

Connection to Tree Search and Mixed-
Probability Selection. Prior automated
workflow search frameworks have also adopted
RL-inspired selection mechanisms to balance
exploration and exploitation, e.g., Monte Carlo
Tree Search variants and mixed-probability
selection rules. Such designs empirically validate
the necessity of stochastic, feedback-driven

27732



scheduling in large, expensive, and partially
observable search spaces. (Zhang et al., 2024) uses
MCTS-style selection and execution feedback to
guide workflow expansion, which is conceptually
aligned with our view that operator scheduling
should be adaptive and history-dependent rather
than fixed.

Takeaway. In summary, FUSIONFLOW’s
scheduling is theoretically motivated as a tractable
instantiation of decision-making under partial
observability and expensive feedback: (1) model
the process as a POMDP / contextual bandit;
(2) use measurable score momentum ∆t as a
proxy for exploitation advantage; and (3) increase
the probability of high-upside structural actions
(especially fusion) when exploitation stagnates
and candidate maturity is satisfied. This provides
a principled justification for our lightweight,
feedback-driven scheduling mechanism.

Observation 4 (A Posteriori Decision Problem).
Fusion scheduling constitutes an a posteriori deci-
sion problem under partial observability. No fixed
or optimal fusion policy can be defined in advance
without executing the fused workflow itself.

As a result, scheduling must rely on indirect
signals, such as performance stagnation, as proxies
for diminishing returns from local refinement. This
motivates the use of lightweight, feedback-driven
scheduling mechanisms rather than explicit policy
optimization.

B.8 Rationale for Heuristic Candidate
Selection

Similarly, selecting fusion or differentiation
candidates involves balancing complementary
objectives-coverage, consensus, and computational
tractability-under incomplete information.

Attempting exhaustive or optimal selection is
infeasible due to combinatorial complexity and the
cost of evaluation. Instead, FUSIONFLOW adopts
heuristic scoring functions that are grounded in
observable execution statistics, such as task-level
coverage sets.

Observation 5 (Principled Heuristics). Al-
though heuristic, the candidate selection mecha-
nisms in FUSIONFLOW are principled in the sense
that they directly operationalize the structural ob-
jectives required for effective fusion and differenti-
ation.

B.9 Summary
Taken together, this analysis explains why FUSION-
FLOW combines optimization, differentiation, and
fusion under a dynamic, feedback-driven schedul-
ing framework. Incremental optimization alone is
insufficient for deep exploration under finite bud-
gets. Differentiation expands exploration width but
not depth. Fusion enables non-local depth expan-
sion but requires careful, post-hoc control.

The design of FUSIONFLOW is therefore not
ad hoc, but a direct response to the structural con-
straints of the workflow search problem.

C Detailed Algorithmic Description

This appendix provides a complete and formal spec-
ification of the algorithmic components of FUSION-
FLOW, including execution feedback representa-
tion, dynamic scheduling, workflow selection for
differentiation, fusion candidate selection, and fu-
sion execution. The notation and formulation here
are fully consistent with the main text.

C.1 Workflow Pool and Execution Feedback
At each iteration t, FUSIONFLOW maintains a
workflow pool

Pt = {W1,W2, . . . ,W|Pt|}, (14)

where eachWi is a fully executable agentic work-
flow.

Each workflow is evaluated on the task dataset

D = {(xj , yj)}|D|
j=1, (15)

using a task-specific evaluation metric G(·). The
execution feedback of workflowWi is summarized
by:

Scalar Performance Score

Ri = E(x,y)∼D[G(fWi(x), y)], (16)

which reflects the overall task performance of the
workflow.

Task-level Coverage Set

Ci ⊂ D, (17)

where Ci denotes the subset of task instances in D
thatWi successfully solves. The set Ci serves as a
discrete approximation of the functional coverage
of the workflow and forms the basis for fusion
candidate selection.
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C.2 Global Scope of Dynamic Scheduling
The dynamic scheduling mechanism operates over
all transformation operators in FUSIONFLOW, in-
cluding optimization, differentiation, and fusion.
At each iteration, the scheduler determines which
operator to apply based on recent performance dy-
namics and operator usage history.

Since workflow fusion constitutes the core mech-
anism for inducing non-local structural transitions,
the main text focuses on fusion-related scheduling.
This appendix presents the complete scheduling
formulation.

C.3 Performance Stagnation Signal
Let

Rt = max
Wi∈Pt

Ri (18)

denote the best performance achieved at iteration t.
To detect diminishing returns from local refine-

ment, we compute two sliding-window statistics
with window size k:

Rrecent
t = max

u∈[t−k+1, t]
Ru,

R
prev
t = max

u∈[t−2k+1, t−k]
Ru.

(19)

The improvement difference is defined as

∆t = Rrecent
t −R

prev
t . (20)

We map this quantity to a continuous stagnation
signal:

πt =
1

1 + exp(κ ·∆t)
, (21)

where κ > 0 controls sensitivity to performance
stagnation. Larger values of πt indicate reduced
marginal gains from local refinement.

The signal πt is not treated as a decision rule, but
as a soft indicator that biases the scheduler toward
exploration-oriented operators.

C.4 Workflow Selection Mechanism
Both differentiation and fusion workflows are es-
sentially selection processes driven by distinct po-
tential algorithms. We unify their formulations
based on the set of correctly solved tasks. Let
Ci ⊆ D denote the set of task instances correctly
processed by workflowWi.

C.4.1 Differentiation Candidate Selection
Differentiation aims to select a parent workflow
Wi that exhibits high potential for specializing in a
specific task cluster k.

Task Partition. The dataset D is partitioned into
disjoint clusters K = {k1, . . . , k|K|}. For any clus-
ter k ∈ K, the local correct set of workflowWi is
defined as:

Ci,k = Ci ∩ Dk. (22)

Performance Metrics. We define the global ac-
curacy rate Rglobal and the local cluster recall rate
Rlocal as:

Rglobal(Wi) =
|Ci|
|D| ,

Rlocal(Wi, k) =
|Ci,k|
|Dk|

.

(23)

A workflow is a valid candidate for cluster k
only if Rlocal(Wi, k) > Rglobal(Wi).

Differentiation Potential. The potential focuses
on the absolute volume of specialized tasks. We de-
fine the differentiation potential Φdiff for workflow
Wi as the maximum specialization gain across all
clusters:

Φdiff(Wi) = max
k∈K

[ |Ci,k|
|D| · (Rlocal(Wi, k)

− Rglobal(Wi))]+ .

(24)

where [·]+ = max(0, ·).
C.4.2 Fusion Candidate Selection
Fusion aims to select a group of workflows S =
{W1, . . . ,Wm} that maximizes the joint potential
defined by complementarity and consensus.

Set-Based Metrics. We evaluate the group S us-
ing two fundamental set operations on their correct
sets:

• Complementarity (Union): Represents the
collective coverage.

U(S) =

∣∣∣∣∣∣
⋃

Wi∈S
Ci

∣∣∣∣∣∣
. (25)

• Consensus (Intersection): Represents the be-
havioral consistency.

I(S) =

∣∣∣∣∣∣
⋂

Wi∈S
Ci

∣∣∣∣∣∣
. (26)

Ideally, a fusion group should maximize the union
(solving more problems) while maintaining a suffi-
cient intersection (agreement on ground truths).
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Fusion Potential. The fusion potential Φfuse

combines the set-based metrics. To capture both
pair-wise interactions and group-wise properties,
we formulate:

Φfuse(S) =
(
λ1Ūpair + λ2U(S)

)
+(

µ1Īpair + µ2I(S)
)
· η(S). (27)

where Ūpair and Īpair are the average pairwise
union and intersection sizes within S, λ, µ are
weighting coefficients, and η(S) is a penalty term
for group complexity.

The group maximizing the potential is selected:

S∗ = argmax
S⊂P ′

Φfuse(S). (28)

C.5 Fusion Execution
Given a selected group S, fusion is performed by
prompting a large language model to synthesize a
composite workflow that preserves complementary
substructures, reconciles shared components, and
introduces coordination logic.

The resulting workflowWfuse is validated and
added to the pool:

Pt+1 ← Pt ∪ {Wfuse}. (29)

C.6 Computational Considerations
Although both differentiation and fusion in-
volve combinatorial elements, practical complex-
ity is controlled through coverage-based filtering,
bounded group size, and probabilistic selection.
In practice, these mechanisms keep the overhead
of structure-level operations negligible relative to
workflow evaluation.

D Empirical Analysis of structural depth

This section provides an empirical analysis of the
structural depth achieved by different workflow
generation methods. Intuitively, depth captures
how many effective structural changes have been
accumulated into a workflow. The key empirical
claim is that fusion can aggregate effective changes
produced in different branches, thereby overcom-
ing the depth limitations of incremental optimiza-
tion approaches.

D.1 Depth Definition and Computation
We define the structural depth of a workflowW
as the number of effective modifications it contains.
Each workflow can be represented as a set of modi-
fication nodes, where each node corresponds to an
optimization or fusion operation applied during the
search process.

Definition 1 (Structural Depth). LetN (W) denote
the set of modification nodes contained in workflow
W , and d(W) = |N (W)| be its depth. The node
set is computed recursively:

• Root workflow: N (Wroot) = {r}, where r is
the root node.

• Optimization: N (Wopt) = N (Wparent)∪ {t},
where t is the current round.

• Differentiation: N (Wdiff) = N (Wparent) (no
new modification).

• Fusion: N (Wfuse) =
⋃

iN (Wi)∪{t}, where
{Wi} are parent workflows.

This definition captures the intuition that:

• Each workflow represents a tree of modifica-
tions in the search space, where each node is
a chain from the root.

• Optimization adds one new modification node
to the parent’s tree.

• Differentiation creates specialized variants
without introducing new modifications
(breadth expansion).

• Fusion merges multiple independently
evolved trees into a single tree (taking the
union), plus the fusion operation itself. This
enables aggregation of modifications from
different evolutionary branches.

D.2 Depth as Structural Capacity under
Finite Budgets

It is important to clarify the interpretation and lim-
itations of the structural depth metric used in this
analysis. The depth defined here does not directly
measure the semantic quality or functional opti-
mality of a workflow. Instead, it characterizes the
maximum structural capacity that a workflow can
embody under a finite optimization budget.

Under a fixed number of optimization rounds,
exploratory operations such as differentiation are
unavoidable in complex search spaces, as they are
necessary to discover diverse and potentially com-
plementary solution strategies. However, such ex-
ploration incurs an opportunity cost: once the bud-
get is consumed by branching into multiple tra-
jectories, purely incremental methods that refine
a single workflow cannot subsequently integrate
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Table 6: structural depth comparison between AFlow and FUSIONFLOW on MBPP dataset. Depth is defined as
the number of effective modifications. Fusion operations (marked with †) aggregate modifications from multiple
branches.

AFlow FUSIONFLOW

Round Depth Depth Op. Modification Set

1 1 1 Root {1}
2 2 2 Opt {1, 2}
3 3 3 Opt {1, 2, 3}
4 2 2 Diff {1, 2}
5 3 2 Diff {1, 2}
6 2 4 Fuse† {1, 2, 3, 6}
7 4 3 Opt {1, 2, 7}
8 2 3 Opt {1, 2, 8}
9 2 4 Opt {1, 2, 8, 9}

10 3 2 Diff {1, 2}
11 4 5 Opt {1, 2, 8, 9, 11}
12 3 5 Opt {1, 2, 8, 9, 12}
13 3 6 Fuse† {1, 2, 3, 8, 9, 13}
14 3 5 Opt {1, 2, 8, 9, 14}
15 3 7 Fuse† {1, 2, 3, 8, 9, 14, 15}
16 3 5 Opt {1, 2, 8, 9, 16}
17 3 2 Diff {1, 2}
18 2 7 Fuse† {1, 2, 3, 8, 9, 14, 18}
19 4 6 Opt {1, 2, 8, 9, 12, 19}
20 4 5 Opt {1, 2, 8, 9, 20}

Max 4 7 – –

the effective modifications discovered along dif-
ferent branches into a single executable structure.
As a result, the maximum structural complexity
that any individual workflow can attain is inher-
ently bounded by the depth of a single optimization
chain.

Fusion addresses this limitation by enabling ex
post aggregation of independently evolved work-
flows. By integrating modification histories from
multiple search trajectories, fusion allows the opti-
mization process to recover and consolidate struc-
tural information that would otherwise remain frag-
mented across branches. In this sense, fusion does
not guarantee that the resulting workflow is intrin-
sically more effective or semantically superior, but
it expands the space of structurally realizable work-
flows that can be reached within a fixed iteration
budget.

In FUSIONFLOW, this increased structural ca-
pacity is further guided by optimization, differenti-
ation, and dynamic scheduling, which are informed
by empirical observations of task structure (e.g.,
sub-domain specialization in the dataset). While
deeper workflows are not inherently better, this
coordinated process increases the likelihood that
workflows with higher structural capacity can rep-
resent and support more complex reasoning behav-
iors when such structure is required by the task

distribution.

D.3 Depth Accumulation and
Structure-Aligned Exploration

While increased structural depth alone does not
guarantee improved workflow quality, the manner
in which depth is accumulated plays a critical role.
In purely incremental optimization, additional mod-
ifications are applied along a single trajectory, of-
ten reflecting local adjustments whose composition
may be incidental rather than structurally meaning-
ful. As a result, deeper workflows obtained through
such processes do not necessarily correspond to
more effective reasoning structures.

In contrast, FUSIONFLOW accumulates depth
through an explicit differentiation–fusion pattern
that mirrors a natural problem-solving strategy:
exploring diverse solution variants first, and sub-
sequently integrating complementary components
into a unified workflow. Differentiation encourages
specialization across branches, allowing distinct
substructures to emerge under different inductive
biases or task sub-distributions. Fusion then se-
lectively aggregates these independently evolved
structures, resulting in deeper workflows whose
modifications originate from semantically distinct
yet complementary search trajectories.

Under this paradigm, depth growth reflects not
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Figure 5: Structural depth comparison between AFlow (blue) and FUSIONFLOW (red) over 20 optimization rounds
on the MBPP dataset. Depth is defined as the number of effective modifications contained in each workflow. Fusion
operations (annotated) aggregate modifications from multiple evolutionary branches, enabling FUSIONFLOW to
reach deeper regions of the modification space.

merely the accumulation of more changes, but the
consolidation of diverse structural insights discov-
ered across the search space. Although such depth
remains an upper-bound measure of structural ca-
pacity rather than a direct indicator of quality, align-
ing depth accumulation with the compositional
structure of natural tasks increases the likelihood
that deeper workflows correspond to more effective
reasoning pipelines when such structure is required.

D.4 Depth Comparison: AFlow vs.
FUSIONFLOW

We compare the structural depth trajectories of
AFlow (optimization-only) and FUSIONFLOW
(with fusion) on the MBPP dataset over 20 op-
timization rounds. The results are presented in
Table 6 and visualized in Figure 5.

Key Observations.

1. Modification Aggregation: AFlow’s depth
is bounded by the maximum chain length in
the search tree, reaching only depth 4. FU-
SIONFLOW achieves a maximum depth of 7
by aggregating modifications from multiple
evolutionary branches.

2. Fusion as Branch Merger: Fusion takes the
union of modification sets from parent work-
flows, effectively combining insights from dif-
ferent search trajectories. For example:

• Round 6: Fuses workflows from rounds

2, 3, 5, merging their modification histo-
ries into {1, 2, 3, 6}.

• Round 15: Fuses rounds 3,
9, 14, combining {1, 2, 3} ∪
{1, 2, 8, 9} ∪ {1, 2, 8, 9, 14} ∪ {15} =
{1, 2, 3, 8, 9, 14, 15}.

• Round 18: Fuses rounds 9, 14, 3, yield-
ing {1, 2, 3, 8, 9, 14, 18}.

3. Depth Advantage: The maximum depth ratio
is 7/4 = 1.75×, demonstrating that fusion
enables access to deeper regions of the modi-
fication space by combining complementary
evolutionary branches.

4. Differentiation Preserves Diversity: Differ-
entiation operations (rounds 4, 5, 10, 17) cre-
ate low-depth specialized variants that serve
as complementary building blocks for subse-
quent fusion, without introducing new modifi-
cations.
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E Pseudocode

E.1 Global Dynamic Scheduling Algorithm

Table 7: Global Dynamic Scheduling Algorithm

Algorithm 1: Global Dynamic Scheduling Algorithm

Input: Initial workflow pool P0, Iteration budget T , Dataset D
Parameters: Window size k, Sensitivity κ

Output: Optimized workflow pool PT+1

1: Initialize P1 ← P0
2: for t = 1 to T do
3: Evaluate allWi ∈ Pt on D, obtain Ri and coverage sets Ci

4: Rt ← maxWi∈Pt Ri ▷ Compute best score
5: if t ≥ 2k then ▷ Check sufficient history
6: Rrecent

t ← maxu∈[t−k+1,t]Ru

7: Rprev
t ← maxu∈[t−2k+1,t−k]Ru

8: ∆t ← Rrecent
t −Rprev

t ▷ Compute performance gap
9: πt ← 1

1+exp(κ·∆t)
▷ Sigmoid stagnation signal

10: else
11: πt ← 0

12: end if
13: Sample operator Ot ∈ {Oopt,Odiff ,Ofuse} ▷ Sample operator
14: if Ot = Ofuse then ▷ Apply fusion branch
15: S⋆ ← FUSIONWORKFLOWSELECTION(Pt) ▷ Algorithm 2
16: Wfuse ← Ofuse(S⋆)
17: Pt+1 ← Pt ∪ {Wfuse}
18: else if Ot = Odiff then ▷ Apply differentiation branch
19: (W⋆, k⋆)← DIFFERENTIATIONWORKFLOWSELECTION(Pt, {Dk}) ▷ Algorithm 3
20: Wdiff ← Odiff(W⋆, k⋆)

21: Pt+1 ← Pt ∪ {Wdiff}
22: else ▷ Apply optimization branch
23: SelectW ∈ Pt for local optimization
24: Wopt ← Oopt(W)

25: Pt+1 ← Pt ∪ {Wopt}
26: end if
27: end for
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E.2 Fusion Workflow Selection Algorithm

Table 8: Fusion Workflow Selection Algorithm

Algorithm 2: Fusion Workflow Selection

Input: Current workflow pool Pt
Parameters: Selection count M , fusion group size m, weights λ1, λ2, µ1, µ2

Output: Selected workflow group S⋆

1: P ′ ← TOPMBYCOVERAGE(Pt,M) ▷ Filter top-M by |Ci|
2: Φbest ← −∞
3: S⋆ ← ∅
4: for each candidate group S = {W1, . . . ,Wm} ⊂ P ′ do
5: Retrieve coverage sets C1, . . . ,Cm ▷ Ci ⊆ D: solved instances byWi

6: Ūpair ← 1
m(m−1)

∑
i̸=j |Ci ∪Cj | ▷ Pairwise complementarity (union)

7: U(S)← |⋃m
i=1Ci| ▷ Group-level complementarity

8: Īpair ← 1
m(m−1)

∑
i̸=j |Ci ∩Cj | ▷ Pairwise consensus (intersection)

9: I(S)← |⋂m
i=1Ci| ▷ Group-level consensus

10: Φfuse(S)←
(
λ1Ūpair + λ2U(S)

)
+
(
µ1Īpair + µ2I(S)

)
· η(S) ▷ Fusion potential

11: if Φfuse(S) > Φbest then
12: Φbest ← Φfuse(S)
13: S⋆ ← S
14: end if
15: end for
16: return S⋆
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E.3 Differentiation Workflow Selection Algorithm

Table 9: Differentiation Workflow Selection Algorithm

Algorithm 3: Differentiation Workflow Selection

Input: Current workflow pool Pt, dataset partition {Dk}k∈K
Parameters: Softmax temperature τ

Output: Selected workflowW⋆ and target cluster k⋆

1: N ← |D| ▷ N =
∑

k∈K |Dk|
2: Initialize score list Q ← [ ]

3: for each workflowWi ∈ Pt do
4: Retrieve Ci ⊆ D ▷ Solved instances ofWi

5: ci ← |Ci|
6: if ci = 0 then
7: Append (Wi, 0) to Q
8: continue
9: end if

10: Accglobal(Wi)← |Ci|
N ▷ Global accuracy

11: Smax
i ← −∞

12: for each cluster k ∈ K do
13: nk ← |Dk|
14: if nk = 0 then
15: continue
16: end if
17: Ci,k ← Ci ∩ Dk

18: ci,k ← |Ci,k|
19: Recalli,k ← ci,k

nk
▷ Cluster-level recall

20: if Recalli,k > Accglobal(Wi) then
21: Covi,k ← ci,k

N ▷ Absolute coverage
22: Si,k ← Covi,k ·

(
Recalli,k −Accglobal(Wi)

)
▷ Split potential on cluster k

23: Smax
i ← max(Smax

i , Si,k)

24: end if
25: end for
26: Si ← max(0, Smax

i ) ▷ Workflow differentiation potential
27: Append (Wi, Si) to Q
28: end for
29: Sample (W⋆, S⋆) from Q with probability ∝ exp(Si/τ) ▷ Softmax selection
30: k⋆ ← argmaxk∈K

[ |C⋆,k|
N ·

( |C⋆,k|
|Dk| −

|C⋆|
N

)]
▷ Choose specialization target

31: return (W⋆, k⋆)

27740



F Example of Adaptive Operator Scheduling

This section demonstrates the dynamic scheduling mechanism in action through a complete 20-round
optimization trace on the DROP dataset, showing how stagnation signals and operator probabilities evolve
throughout the process. Note that this trace is from a different experimental run than the case study in
Appendix I.

F.1 Execution Trace: 20 Rounds
Table 10 shows the actual values from a complete optimization run.

Table 10: Evolution of Stagnation Signal and Operator Selection Probabilities over 20 Optimization Rounds

Round πt Popt Pdiff Pfuse Selected

1 0.0000 1.0000 0.0000 0.0000 Optimization
2 0.0000 1.0000 0.0000 0.0000 Optimization
3 0.4137 0.5450 0.2482 0.2068 Differentiation
4 1.0000 0.0000 0.5206 0.4794 Differentiation
5 0.7401 0.2664 0.3636 0.3701 Fusion
6 0.5863 0.4467 0.2880 0.2653 Optimization
7 0.3323 0.6864 0.1633 0.1504 Optimization
8 0.4137 0.6096 0.2032 0.1871 Optimization
9 0.2599 0.7547 0.1277 0.1176 Differentiation
10 0.3323 0.7019 0.1477 0.1504 Optimization
11 0.8512 0.2365 0.3784 0.3851 Optimization
12 0.5863 0.4741 0.2606 0.2653 Fusion
13 0.1986 0.8305 0.0883 0.0813 Optimization
14 0.5000 0.5731 0.2222 0.2047 Fusion
15 0.5000 0.5925 0.2222 0.1852 Optimization
16 0.8512 0.3063 0.3784 0.3153 Differentiation
17 0.8512 0.3423 0.3424 0.3153 Fusion
18 0.1488 0.8903 0.0598 0.0499 Optimization
19 0.1098 0.9191 0.0442 0.0368 Optimization

F.2 Observable Patterns
The trace reveals several characteristic behaviors:

• Initial exploration (Rounds 1–2): πt = 0⇒ Popt = 1.0 (pure exploitation)

• First plateau (Rounds 3–5): πt increases from 0.41→ 1.0→ 0.74, triggering Differentiation and
Fusion

• Recovery phase (Rounds 6–10): πt drops to 0.26–0.59, returning to Optimization dominance

• Second plateau (Rounds 11–12): πt = 0.85 triggers Fusion

• Balanced adaptation (Rounds 13–19): πt varies between 0.11 and 0.85, showing continuous
adjustment

Fusion operations occur at Rounds 5, 12, 14, and 17, precisely when πt ∈ [0.50, 0.85], demonstrating
adaptive triggering of structural exploration.

F.3 Visual Illustration
Figure 6 shows how πt evolves over time, with peaks at Rounds 4–5, 11–12, and 16–17 corresponding to
performance plateaus.

Figure 7 visualizes the operator probability dynamics, showing the complementary relationship between
Optimization (exploitation) and Differentiation/Fusion (exploration).
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Figure 6: Stagnation signal πt over 20 rounds. Peaks indicate performance plateaus.
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G Framework Architecture Details

This section provides detailed examples of the core components in our FUSIONFLOW framework,
including workflow structures, prompts, operators, and optimization metadata.

G.1 Workflow Structure Example
A workflow in FUSIONFLOW consists of a directed graph that orchestrates various operators to solve
specific problems. Below is a complete example of a workflow for solving GSM8K mathematical
reasoning problems:

from typing import Literal
import workspace.GSM8K.workflows.template.operator as operator
import workspace.GSM8K.workflows.round_1.prompt as prompt_custom
from scripts.async_llm import create_llm_instance
from scripts.evaluator import DatasetType

class Workflow:
def __init__(

self,
name: str,
llm_config,
dataset: DatasetType,

) -> None:
self.name = name
self.dataset = dataset
self.llm = create_llm_instance(llm_config)
self.custom = operator.Custom(self.llm)

async def __call__(self, problem: str):
"""
Implementation of the workflow
"""
solution = await self.custom(

input=problem,
instruction=""

)
return solution['response'], \

self.llm.get_usage_summary()["total_cost"]

Listing 1: Example Workflow Graph for GSM8K Dataset

This simple workflow demonstrates the basic structure where:

• The workflow is initialized with an LLM configuration

• A Custom operator is instantiated to handle problem-solving

• The __call__ method defines the execution flow

• The workflow returns both the solution and the cost incurred

G.2 Node Implementation Example
Operators are the fundamental building blocks in FUSIONFLOW. Here we show the implementation of
the Custom operator and the Programmer operator:

from scripts.operators import Operator

class Custom(Operator):
def __init__(self, llm: AsyncLLM, name: str = "Custom"):

super().__init__(llm, name)

async def __call__(self, input, instruction):
prompt = instruction + input
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response = await self._fill_node(
GenerateOp,
prompt,
mode="single_fill"

)
return response

Listing 2: Custom Operator Implementation

The Custom operator provides flexible problem-solving capability by combining custom instructions
with input problems. It serves as the most versatile operator in the framework.

class Programmer(Operator):
def __init__(self, llm: AsyncLLM, name: str = "Programmer"):

super().__init__(llm, name)

async def exec_code(self, code, timeout=30):
"""
Asynchronously execute code and return error if timeout.
"""
loop = asyncio.get_running_loop()
with concurrent.futures.ProcessPoolExecutor() as executor:

try:
future = loop.run_in_executor(

executor, run_code, code
)
result = await asyncio.wait_for(

future, timeout=timeout
)
return result

except asyncio.TimeoutError:
executor.shutdown(wait=False, cancel_futures=True)
return "Error", "Code execution timed out"

except Exception as e:
return "Error", f"Unknown error: {str(e)}"

Listing 3: Programmer Operator with Code Execution

The Programmer operator is designed for problems requiring code execution, such as mathematical
calculations or algorithmic solutions.

G.3 Prompt Template Example
Prompts guide the LLM’s behavior within operators. In FUSIONFLOW, prompts are stored separately
and can be dynamically modified during optimization:

# File: workspace/GSM8K/workflows/round_1/prompt.py

SOLVE_PROMPT = """
Please solve the following mathematical problem step by step.
Show your reasoning clearly and provide the final numerical answer.

Problem: {problem}

Solution:
"""

VERIFICATION_PROMPT = """
Verify the following solution and check if the answer is correct.
If there are errors, provide the corrected solution.

Original Problem: {problem}
Solution to Verify: {solution}

Verification:
"""
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Listing 4: Prompt Template File Structure

Custom prompts can be referenced in the workflow using prompt_custom.PROMPT_NAME.

G.4 Experience Metadata
During optimization, FUSIONFLOW maintains a structured experience database that tracks the success
and failure of different modifications. Below is an example from the DROP dataset:

{
"3": {

"score": 0.8450,
"success": {

"14": {
"modification": "3-way Workflow Fusion: Combined
3 high-performing workflows from rounds [3, 5, 11]
(scores: ['0.8450', '0.8450', '0.8300']). Integrated
complementary strengths to maximize problem coverage.",

"score": 0.8800
}

},
"failure": {

"15": {
"modification": "Add mathematical verification and
completeness check step using Custom operator before
ensemble selection",

"score": 0.8200
}

}
},
"2": {

"score": 0.8400,
"success": {

"3": {
"modification": "Add ScEnsemble operator to generate
multiple reasoning paths and select the most consistent
answer, improving accuracy for mathematical and logical
reasoning problems",

"score": 0.8450
}

},
"failure": {}

},
"11": {

"score": 0.8300,
"success": {},
"failure": {

"17": {
"modification": "Workflow Differentiation: Specialized
for Mathematical Derivation but with too narrow focus",

"score": 0.8100
}

}
}

}

Listing 5: Processed Experience Metadata from DROP Dataset

The experience metadata captures:

• Parent Round: The round from which modifications originated

• Success/Failure Tracking: Categorization of descendant rounds

• Modification Description: Natural language description of the change
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• Performance Score: Validation set accuracy

This structured experience allows the optimization LLM to learn from past attempts and avoid repeating
failed modifications.

G.5 Fusion Metadata Example
When performing workflow fusion, FUSIONFLOW combines multiple high-performing workflows. The
fusion process generates metadata describing how workflows were combined:

{
"fusion_round": 14,
"parent_workflows": [

{
"round": 3,
"score": 0.8450,
"solved_problems": 169,
"key_features": [

"ScEnsemble for multiple reasoning paths",
"Majority voting mechanism"

]
},
{

"round": 5,
"score": 0.8450,
"solved_problems": 169,
"key_features": [

"Alternative ensemble configuration",
"Enhanced problem comprehension"

]
},
{

"round": 11,
"score": 0.8300,
"solved_problems": 166,
"key_features": [

"Specialized for mathematical derivation",
"Step-by-step calculation verification"

]
}

],
"fusion_strategy": "Adaptive routing to specialized paths

based on problem type analysis",
"combined_coverage": 176,
"fusion_score": 0.8800,
"improvement_over_best_parent": 0.0350,
"unique_problems_solved": 7

}

Listing 6: Fusion Metadata Structure from DROP Dataset

G.6 Differentiation Metadata Example
Differentiation creates specialized variants of workflows by analyzing error logs:

{
"parent_round": 9,
"parent_score": 0.8200,
"error_analysis": {

"total_errors": 36,
"error_categories": {

"multi_step_calculation_error": 15,
"passage_comprehension_error": 12,
"numerical_extraction_error": 9

},
"example_errors": [
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{
"problem_id": "drop-validation-127",
"question": "How many more points did team A score

in the first half than team B?",
"passage": "Team A scored 24 in first half...

Team B scored 17 in first half...",
"expected": "7",
"got": "24",
"error_type": "multi_step_calculation_error",
"root_cause": "Extracted first value instead of

computing difference"
}

]
},
"differentiation_type": "mathematical_specialization",
"modification": "Enhance workflow with dedicated multi-step

calculation handling and intermediate value
tracking for mathematical derivation problems",

"child_round": 11,
"child_score": 0.8300,
"improvement": 0.0100,
"specialization_focus": "Complex multi-step numerical reasoning"

}

Listing 7: Differentiation Metadata from DROP Dataset

G.7 Log Entry Example
Execution logs capture detailed information about each problem solved:

{
"question": "How many more field goals did the team make
in the first half compared to the second half?",

"passage": "In the first half, the team made 3 field goals.
... In the second half, they made 1 field goal.",

"right_answer": "2",
"model_output": "To find how many more field goals the team
made in the first half:\n1. First half field goals: 3\n
2. Second half field goals: 1\n3. Difference: 3 - 1 = 2\n
Therefore, the team made 2 more field goals in the first
half compared to the second half.",

"score": 1.0,
"judge_explanation": "Model correctly identified the values
and computed the difference, arriving at answer '2'.",

"problem_id": "drop-validation-042",
"category": "Numerical Reasoning"

}

Listing 8: Example Log Entry from DROP Workflow Execution

These logs are used by the differentiation operator to identify systematic errors and guide targeted
improvements.
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H Core Operator Implementations Logic

This section details the prompts and implementation logic for FUSIONFLOW’s three core optimization
operators: Optimization, Fusion, and Differentiation.

H.1 Optimization Operator
The optimization operator analyzes existing workflows and proposes incremental improvements.

H.1.1 Optimization Prompt

Prompt for the Optimization Operator

[Objective]
You are building a Graph and corresponding Prompt to jointly solve {type} problems. Referring to
the given graph and prompt, which forms a basic example of a {type} solution approach, please
reconstruct and optimize them. You can add, modify, or delete nodes, parameters, or prompts.
Include your single modification in XML tags in your reply. Ensure they are complete and correct
to avoid runtime failures.

[Optimization Guidelines]
When optimizing, you can incorporate critical thinking methods like:

• Review: Add verification steps to check intermediate results

• Revise: Implement error correction loops

• Ensemble: Generate multiple answers through different/similar prompts, then vote/inte-
grate/check the majority to obtain a final answer

• Self-Ask: Break down complex problems into sub-questions

Consider Python’s loops (for, while, list comprehensions), conditional statements (if-elif-else,
ternary operators), or machine learning techniques. The graph complexity should not exceed 10
nodes. Use logical and control flow (IF-ELSE, loops) for enhanced graphical representation.

[Input Format]
You will receive:

<sample>
<experience>{experience}</experience>
<modification>(e.g., add/delete/modify operator X)</modification>
<score>{score}</score>
<graph>{current_graph_code}</graph>
<prompt>{current_prompts}</prompt>
<operator_description>{available_operators}</operator_description>

</sample>

Error logs from current workflow:
{error_examples}

[Constraints]

• Single Modification: Only one detail point can be modified at a time

• Code Limit: No more than 5 lines of code may be changed per modification

• No Placeholders: Generated prompts must not contain any placeholders
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• Format Output: Use custom methods to restrict output format, not code

• No None Output: Graph must never output None for any field

[Custom Operator Usage]
Example of using the Custom operator in your graph:

# Write prompt in prompt_custom and use in Custom method
response = await self.custom(

input=problem,
instruction=prompt_custom.XXX_PROMPT

)

# Can concatenate previous results for more context
solution = await self.generate(

problem=f"question:{problem}, context:{response['response']}"
)

Note: In custom, input and instruction are directly concatenated (instruction+input), and placeholders
are not supported.

[Output Format]
Provide your optimization in XML format:

<modification>
Describe the single modification made
</modification>
<graph>
Complete Python code for optimized workflow
</graph>
<prompt>
All necessary prompts in prompt_custom (if needed)
</prompt>

H.1.2 Optimization Implementation Logic
The optimization operator follows this process:

1. Select Parent: Choose high-performing workflows

2. Load Context: Retrieve the parent workflow’s code, prompts, and error logs

3. Format Experience: Convert historical experience into structured format showing successful and
failed modifications

4. Generate Prompt: Create optimization prompt with all context

5. Call LLM: Use optimization LLM to generate modified workflow

6. Validate: Check that modification is novel (not repeated from history)

7. Evaluate: Test the modified workflow on validation set

8. Record: Update experience database with success/failure

H.2 Fusion Operator
The fusion operator combines multiple high-performing workflows into a single comprehensive workflow.
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H.2.1 Fusion Prompt

Prompt for the Fusion Operator

[Objective]
You are an expert workflow designer tasked with fusing multiple high-performing workflows into a
single, more comprehensive workflow that can solve {type} problems. Referring to the given graphs
and prompts from the parent workflows, you must intelligently combine the strengths of each input
workflow while creating robust routing logic to handle different problem types.

[Core Principle]
The most crucial point: Your task is to perform multi-way workflow fusion. This means you
must identify the key components within each of the parent workflows and select only those parts
that have fusion value to combine them into a new workflow. You should not create the core
components from scratch, including graph structure and prompts.

[Input Format]
You will be given multiple high-performing workflows (K ≥ 2):

<workflow_1>
<round>{round_number}</round>
<score>{performance_score}</score>
<solved_problems>{count} problems</solved_problems>
<prompt>{workflow_prompts}</prompt>
<graph>{workflow_code}</graph>

</workflow_1>
... (workflow_2, workflow_3, ... similarly)

<operator_description>
{available_operators}
</operator_description>

[Fusion Strategy]
Analyze each workflow’s strengths and design a fusion strategy that:

• Maximizes Coverage: The fused workflow should solve problems that any of the parent
workflows can solve

• Leverages Scores: Workflows with higher scores can serve as the foundation

• Intelligent Routing: Create decision logic to route problems to appropriate solution paths

• Combines Strengths: Integrate complementary capabilities from each parent

[Design Patterns]
Common fusion patterns include:

1. Problem Classification + Routing:

problem_type = await self.classify(problem)
if problem_type == "calculation":

return await workflow_1_logic(problem)
elif problem_type == "word_problem":

return await workflow_2_logic(problem)
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2. Sequential Enhancement:

# Use workflow_1 for initial solution
initial = await workflow_1_solve(problem)
# Use workflow_2 for verification
verified = await workflow_2_verify(initial)
# Use workflow_3 for refinement if needed
if not verified:

final = await workflow_3_refine(initial)

3. Parallel Ensemble:

results = await asyncio.gather(
workflow_1_solve(problem),
workflow_2_solve(problem),
workflow_3_solve(problem)

)
final = self.vote_or_combine(results)

[Constraints]

• The fused workflow must be different from any single input workflow

• Generated prompts must not contain placeholders

• Use custom methods to restrict output format, not code

[Output Format]
Provide your fusion result in XML format:

<modification>
Description of the fusion strategy and how the parent workflows
are combined
</modification>
<graph>
Complete Python code for the fused workflow
</graph>
<prompt>
All necessary prompts in prompt_custom (if needed)
</prompt>

H.2.2 Fusion Implementation Logic
The fusion operator executes the following workflow:

1. Select Candidate Workflows: Choose high-performing workflows based on the fusion potential
score

2. Analyze Diversity: Compute solved problem overlap to ensure complementarity

3. Load Components: Extract code, prompts, and metadata from selected workflows
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4. Format Input: Structure the parent workflows into fusion prompt format

5. Generate Fusion: Call LLM to create combined workflow

6. Validate Integration: Verify that parent workflows contributed to the fusion

7. Evaluate Performance: Test on validation set

8. Update Metadata: Record fusion genealogy and parent information

H.3 Differentiation Operator
The differentiation operator creates specialized variants of workflows targeting particular task subspaces
(e.g., algebraic problems, geometric reasoning, combinatorial counting). Unlike optimization which
refines general performance, differentiation tailors workflows to excel on specific problem categories,
typically through prompt specialization and targeted structural adjustments.

H.3.1 Differentiation Prompt

Prompt for the Differentiation Operator

[Objective]
You are an expert workflow designer tasked with differentiating an existing workflow to create a
specialized variant for {type} problems.

[Core Principle - What is Differentiation]
Differentiation means creating a specialized variant that excels on a particular problem category:

• Focus on making the workflow highly effective for the target task subspace

• Specialize prompts with domain-specific instructions and reasoning patterns

• Structural adjustments are allowed when beneficial for specialization

[What You ARE Doing]

• Converting “analyze problem”→ “analyze [specific problem type] characteristics”

• Converting “solve”→ “apply [specific technique] to solve”

• Converting “verify”→ “verify using [specific domain] validation rules”

• Making prompts more specific and detailed for the target domain

[Input Format]
You will receive:

<differentiation_data>
<dataset>{dataset}</dataset>
<target_round>{target_round}</target_round>
<specialization_direction>{direction}</specialization_direction>
<specialization_focus>{specialization_focus}</specialization_focus>
<parent_workflow>

<score>{validation_score}</score>
<graph>{workflow_code}</graph>
<prompt>{workflow_prompts}</prompt>

</parent_workflow>
<operator_description>{available_operators}</operator_description>

</differentiation_data>
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For targeted differentiation, a <target_category> section with example problems may also be
provided.

[How to Convert Abstract→ Concrete]

Parent: "analyze the problem"
Child: "analyze {specialization_focus} characteristics:

identify key variables, constraints, and target"

Parent: "solve the problem"
Child: "apply {specialization_focus} techniques:

[specific method 1], [specific method 2]"

Parent: "verify the solution"
Child: "verify using {specialization_focus} rules:

check [specific constraint 1], [specific constraint 2]"

[Example Differentiation]
If parent workflow is:

analysis = await self.custom(input=problem,
instruction=prompt_custom.ANALYSIS_PROMPT)

solution = await self.custom(input=analysis['response'],
instruction=prompt_custom.SOLUTION_PROMPT)

Differentiated workflow should be:

analysis = await self.custom(input=problem,
instruction=prompt_custom.ALGEBRAIC_ANALYSIS_PROMPT)

solution = await self.custom(input=analysis['response'],
instruction=prompt_custom.ALGEBRAIC_SOLUTION_PROMPT)

The prompts should contain {specialization_focus}-specific instructions (e.g., “identify variables
and equations”, “apply substitution or elimination methods”), but the structure remains identical.

[Output Format]

<modification>
Specialized for {specialization_focus}: {description}
</modification>
<graph>
Differentiated workflow code (same structure, specific prompts)
</graph>
<prompt>
Category-specific prompts
</prompt>

H.3.2 Differentiation Modes

The differentiation operator supports two modes:
Exploratory Differentiation: When no specific target category is provided, the system randomly

selects a specialization focus from the predefined categories based on the problem type (math/code/qa).
This enables broad exploration of the specialization space.

Targeted Differentiation: When a specific target_category is provided (along with optional descrip-
tion and example problems), the differentiation becomes directed toward that particular task subspace.
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The prompt includes additional context:

<target_category>
<name>{category_name}</name>
<description>{category_description}</description>
<examples>

<example_1>{problem_text_1}</example_1>
<example_2>{problem_text_2}</example_2>
...

</examples>
</target_category>

H.3.3 Differentiation Implementation Logic
The DifferentiationPromptGenerator class implements the following process:

1. Load Parent Workflow: Retrieve a high-performing general workflow (graph and prompts)

2. Determine Specialization Focus:

• If target_category is provided: use it directly for targeted differentiation
• Otherwise: randomly select from predefined specializations based on question_type

3. Gather Category Examples (for targeted mode): Collect up to 3 representative problems, truncating
if longer than 500 characters

4. Generate Specialization Prompt: Combine the differentiation system prompt, input data, and
custom operator usage instructions

5. Call LLM: Request the model to convert abstract steps into category-specific steps while preserving
workflow structure

6. Parse Output: Extract the modified graph and category-specific prompts

7. Evaluate: Test the differentiated workflow on the validation set
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I Case Study: Complete Optimization Cycle

This section presents a detailed walkthrough of a complete optimization cycle on the DROP dataset,
demonstrating how FUSIONFLOW progressively improves workflow performance through its three core
operators. DROP (Discrete Reasoning Over Paragraphs) requires complex numerical reasoning over text
passages, making it an ideal showcase for our framework’s capabilities.

Important Note: All scores reported in this case study are validation set scores (200 problems),
which guide the optimization process. In our experimental protocol, we select the workflow with the
best validation performance and evaluate it on the held-out test set (800 problems) for final reporting.
The validation scores shown here may differ from the final test set scores reported in the main paper’s
experiments.

I.1 Initial Setup

Dataset: DROP (Discrete Reasoning Over Paragraphs)
Problem Type: Numerical reasoning and question answering
Initial Workflow: Simple Custom operator with no instructions
Validation Set Size: 200 problems
Test Set Size: 800 problems
Challenge: Requires multi-step mathematical reasoning combined with passage comprehension

I.1.1 Round 1: Baseline Workflow
The initial workflow starts with a minimal structure:

class Workflow:
def __init__(self, name: str, llm_config, dataset: DatasetType):

self.name = name
self.dataset = dataset
self.llm = create_llm_instance(llm_config)
self.custom = operator.Custom(self.llm)

async def __call__(self, problem: str):
solution = await self.custom(input=problem, instruction="")
return solution['response'], \

self.llm.get_usage_summary()["total_cost"]

Listing 9: Round 1: Initial Baseline Workflow

Performance:

• Validation Score: 0.8200 (82.00%)

• Solved Problems: 164/200

Error Analysis: Identified issues with multi-step reasoning, mathematical calculations, and extracting
the correct numerical values from passages.

I.2 Optimization Operator Applied

I.2.1 Round 2: Adding Structured Reasoning
The optimization operator analyzes Round 1 and proposes adding structured step-by-step reasoning:

Modification Description: “Add AnswerGenerate operator to provide structured step-by-step reasoning
before generating the final solution, which should help with mathematical calculations and logical
comparisons”

class Workflow:
def __init__(self, name: str, llm_config, dataset: DatasetType):

self.name = name
self.dataset = dataset
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self.llm = create_llm_instance(llm_config)
self.custom = operator.Custom(self.llm)
self.answer_generate = operator.AnswerGenerate(self.llm)

async def __call__(self, problem: str):
# Use AnswerGenerate for structured reasoning
solution = await self.answer_generate(

problem=problem,
instruction=prompt_custom.REASONING_PROMPT

)
return solution['response'], \

self.llm.get_usage_summary()["total_cost"]

Listing 10: Round 2: Workflow with Structured Reasoning

Associated prompt in prompt_custom:

REASONING_PROMPT = """
Carefully read the passage and question.
Break down the problem into steps:
1. Identify relevant information from the passage
2. Determine what calculation is needed
3. Perform the calculation step by step
4. Provide the final numerical answer
"""

Performance:

• Validation Score: 0.8400 (84.00%)

• Improvement: +0.0200 (+2.00%)

• Solved Problems: 168/200

Impact: Modest improvement through structured reasoning, helping with some multi-step problems
but still struggling with complex cases.

I.2.2 Round 3: Adding Ensemble for Robustness
Building on Round 2’s success, another optimization adds ensemble voting:

Modification: “Add ScEnsemble operator to generate multiple reasoning paths and select the most
consistent answer, improving accuracy for mathematical and logical reasoning problems”

class Workflow:
def __init__(self, name: str, llm_config, dataset: DatasetType):

self.name = name
self.dataset = dataset
self.llm = create_llm_instance(llm_config)
self.custom = operator.Custom(self.llm)
self.answer_generate = operator.AnswerGenerate(self.llm)
self.sc_ensemble = operator.ScEnsemble(self.llm)

async def __call__(self, problem: str):
# Generate multiple reasoning paths
solutions = await self.sc_ensemble(

problem=problem,
instruction=prompt_custom.REASONING_PROMPT,
num_samples=3

)
return solutions['response'], \

self.llm.get_usage_summary()["total_cost"]

Listing 11: Round 3: Workflow with Ensemble Voting
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Performance:

• Validation Score: 0.8450 (84.50%)

• Improvement over Round 2: +0.0050 (+0.50%)

• Solved Problems: 169/200

Impact: Ensemble voting provides marginal improvement, reducing some calculation errors but
introducing additional cost without dramatic performance gains.

I.2.3 Round 11: Differentiation-Based Specialization
The differentiation operator creates a specialized variant by converting abstract workflow steps into
concrete, domain-specific steps for a particular task subspace:

Modification: “Workflow Differentiation: Specialized for Mathematical Derivation problems. The par-
ent workflow’s general prompts are converted into concrete, derivation-specific prompts while preserving
the exact same workflow structure.”

Differentiation Process: The operator takes a high-performing parent workflow and specializes it for
the “mathematical derivation” category by:

• Keeping the same operator structure (single Custom operator)

• Converting abstract instructions (e.g., “solve the problem”) into concrete, domain-specific instructions
(e.g., “apply step-by-step mathematical derivation with explicit variable tracking”)

• Adding category-specific reasoning patterns for numerical calculations

Performance:

• Validation Score: 0.8300 (83.00%)

• Solved Problems: 166/200 (different subset than Round 3)

• Specialization: Strong on problems requiring complex multi-step calculations

I.3 Fusion Operator Applied: The Breakthrough
I.3.1 Round 14: Three-Way Workflow Fusion
After multiple rounds of optimization and differentiation, the fusion operator combines three complemen-
tary workflows to achieve a significant performance leap:

Parent Workflows:

• Round 3 (Score: 0.8450): Strong ensemble-based reasoning

• Round 5 (Score: 0.8450): Alternative ensemble configuration

• Round 11 (Score: 0.8300): Specialized for mathematical derivation

Key Insight: While Rounds 3 and 5 have similar overall scores, they solve different subsets of problems.
Round 11’s specialization complements both by handling complex calculation problems that the ensemble
approaches miss.

Fusion Strategy: Create an adaptive workflow that routes problems based on their characteristics and
combines the strengths of all three parents.

class Workflow:
def __init__(self, name: str, llm_config, dataset: DatasetType):

self.name = name
self.dataset = dataset
self.llm = create_llm_instance(llm_config)
self.custom = operator.Custom(self.llm)

27757



self.answer_generate = operator.AnswerGenerate(self.llm)
self.sc_ensemble = operator.ScEnsemble(self.llm)

async def __call__(self, problem: str):
# Step 1: Analyze problem complexity
analysis = await self.custom(

input=problem,
instruction=prompt_custom.ANALYZE_PROBLEM_PROMPT

)

problem_type = analysis['response'].lower()

# Step 2: Intelligent routing based on problem type
if "multi-step calculation" in problem_type or \

"complex derivation" in problem_type:
# Use Round 11's specialized approach
solution = await self._solve_with_derivation(problem)

elif "comparison" in problem_type or \
"multiple values" in problem_type:
# Use Round 5's ensemble configuration
solution = await self._solve_with_enhanced_ensemble(

problem
)

else:
# Use Round 3's standard ensemble approach
solution = await self._solve_with_standard_ensemble(

problem
)

# Step 3: Final verification and formatting
final_answer = await self.custom(

input=f"Question: {problem}\nAnswer: {solution}",
instruction=prompt_custom.VERIFY_FORMAT_PROMPT

)

return final_answer['response'], \
self.llm.get_usage_summary()["total_cost"]

async def _solve_with_derivation(self, problem: str):
"""Round 11's specialized mathematical derivation logic"""
solution = await self.answer_generate(

problem=problem,
instruction=prompt_custom.DERIVATION_PROMPT

)
return solution['response']

async def _solve_with_enhanced_ensemble(self, problem: str):
"""Round 5's ensemble configuration"""
solutions = await self.sc_ensemble(

problem=problem,
instruction=prompt_custom.ENHANCED_REASONING_PROMPT,
num_samples=5

)
return solutions['response']

async def _solve_with_standard_ensemble(self, problem: str):
"""Round 3's standard ensemble approach"""
solutions = await self.sc_ensemble(

problem=problem,
instruction=prompt_custom.REASONING_PROMPT,
num_samples=3

)
return solutions['response']

Listing 12: Round 14: Fused Workflow with Intelligent Routing

Performance - The Breakthrough:

• Validation Score: 0.8800 (88.00%)
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• Improvement over best parent: +0.0350 (+3.50%)

• Solved Problems: 176/200

• New Problems Solved: 7 problems that none of the three parents could solve

• Coverage Enhancement: Union of parent coverage (169 + 169 + 166)→ 176 unique problems
through intelligent routing

Analysis of the Breakthrough:
The fusion’s success demonstrates two key principles:

1. Complementary Coverage: Each parent excels on different problem types:

• Round 3: Strong on standard reasoning problems (optimization result)
• Round 5: Effective on comparison and multi-value problems (optimization result)
• Round 11: Superior on complex mathematical derivations (differentiation result—specialized

for the “mathematical derivation” task subspace)

2. Intelligent Integration: The fused workflow doesn’t simply combine approaches randomly, but
routes each problem to the most suitable strategy, achieving 3.5% improvement - significantly larger
than the marginal gains from pure optimization (+0.5% from Round 2 to 3). This demonstrates the
power of deep trajectory crossing.

3. Differentiation Enables Fusion: Round 11’s task subspace specialization is crucial—without
differentiation creating a workflow specialized for mathematical derivations, the fusion would lack
the diversity needed to achieve complementary coverage.

I.4 Performance Evolution Summary
Table 11 summarizes the performance evolution across the optimization cycle, highlighting the break-
through achieved by fusion:

Table 11: Performance Evolution on DROP Dataset Across Optimization Rounds (Validation Set). * Round 11’s
lower overall score reflects task subspace specialization - it excels on mathematical derivation problems while
trading off performance on other problem types

Round Operator Modification Val Score ∆

1 Baseline Initial workflow 0.8200 -
2 Optimization Add structured reasoning 0.8400 +0.0200
3 Optimization Add ensemble voting 0.8450 +0.0050
5 Optimization Alternative ensemble 0.8450 +0.0000
11 Differentiation Math specialization 0.8300 -0.0150*

14 Fusion 3-way fusion [3+5+11] 0.8800 +0.0350

Total Improvement from Baseline +0.0600
Fusion Contribution (beyond best parent) +0.0350
Pure Optimization Gains (R1→R3) +0.0250

Key Observations:

• Diminishing Returns from Optimization: Pure optimization shows diminishing marginal returns
(2.0%→ 0.5%→ 0.0%)

• Differentiation Creates Diversity: Round 11’s differentiation produces a specialized workflow with
lower overall score (0.8300) but superior performance on mathematical derivation problems, creating
valuable diversity for fusion
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• Fusion Breakthrough: The fusion operator achieves a 3.5% improvement - 7x larger than the
gain from Round 2 to Round 3 (0.5%)

• Deep Trajectory Crossing: Fusion solves 7 additional problems that none of the three parents could
solve individually, demonstrating the power of combining diverse optimization trajectories

• Validation vs Test: These scores are on the 200-problem validation set used to guide optimization.
The final experiment selects the best validation workflow (Round 14) and evaluates it on the 800-
problem test set for unbiased performance reporting.

I.5 Failed Attempts and Lessons Learned
Not all modifications succeed. Here are notable failures from the DROP case study:

I.5.1 Failed Attempt 1: Over-Verification (Round 15)
Modification: “Add a mathematical verification and completeness check step using Custom operator
before the ensemble selection to validate calculations and ensure all qualifying answers are included”

Result: Score dropped to 0.8200 (regression of -0.0250 from parent Round 3)
Root Cause: The verification step introduced excessive complexity and second-guessing, causing the

model to reject correct answers or overcomplicate simple problems
Lesson: Verification should be selective, not universal. Pre-ensemble verification can interfere with the

diversity needed for effective voting.

I.5.2 Failed Attempt 2: Excessive Answer Refinement (Round 16)
Modification: “Add a dedicated answer refinement step using Custom operator after ensemble selection to
standardize answer formats and verify calculations, ensuring consistency with expected answer patterns”

Result: Score: 0.7600 (severe regression of -0.0850)
Root Cause: The post-processing step incorrectly reformatted many correct numerical answers,

changing "175" to "one hundred seventy-five" when the expected format was numerical
Lesson: Answer formatting should preserve the content’s semantic meaning. Format standardization

must be carefully designed to avoid introducing new errors.

I.5.3 Failed Attempt 3: Misguided Ensemble Expansion (Round 18)
Modification: “Modify the existing Custom operator call to include mathematical verification and multi-
answer handling within the formatting step, and increase the number of solution generations from 3 to 5
for better ensemble coverage”

Result: Score: 0.8450 (no improvement over parent, just increased cost)
Root Cause: Simply increasing ensemble size without improving the underlying reasoning doesn’t

help. The additional samples added cost without providing new insights.
Lesson: Ensemble size should be tuned based on problem diversity. More samples help when solutions

disagree, but don’t improve performance when the model consistently makes the same type of error.

I.5.4 Failed Attempt 4: Suboptimal Fusion (Round 19 - Alternative)
Modification: “3-way Workflow Fusion: Combined 3 high-performing workflows from rounds [14, 18,
11]”

Result: Score: 0.8300 (below parent Round 14’s 0.8800)
Root Cause: Round 18 (no improvement over its parent) didn’t contribute meaningful diversity. Fusing

workflows with overlapping strengths doesn’t create complementary coverage.
Lesson: Successful fusion requires diverse parents with complementary strengths. The parent

selection strategy should maximize coverage diversity, not just select the highest-scoring workflows.
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