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Abstract

Large language models (LLMs) have shown strong poten-
tial in automating the design of agentic workflows. However,
existing methods still rely heavily on manually predefined
operators, limiting generalization and scalability. To address
this issue, we propose A2Flow, a fully automated framework
for agentic workflow generation based on self-adaptive ab-
straction operators. A*Flow employs a three-stage opera-
tor extraction process: 1) Case-based Initial Operator Gen-
eration: leveraging expert demonstrations and LLM reason-
ing to generate case-specific operators; 2) Operator Cluster-
ing and Preliminary Abstraction: grouping similar operators
across tasks to form preliminary abstractions; and 3) Deep
Extraction for Abstract Execution Operators: applying long
chain-of-thought prompting and multi-path reasoning to de-
rive compact and generalizable execution operators. These
operators serve as reusable building blocks for workflow con-
struction without manual predefinition. Furthermore, we en-
hance node-level workflow search with an operator memory
mechanism, which retains historical outputs to enrich context
and improve decision-making. Experiments on general and
embodied benchmarks show that A*Flow achieves a 2.4%
and 19.3% average performance improvement and reduces
resource usage by 37% over state-of-the-art baselines.

Code — https://github.com/pandawei-ele/ A2FLOW

1 Introduction

Large Language Models (LLMs) have demonstrated re-
markable capabilities across diverse domains, including
code generation, data analysis, decision-making, question
answering, autonomous driving, and even embodied-ai rea-
soning (Zhu et al. 2024; Zhuge et al. 2024; Liu et al. 2024a;
Xie et al. 2024b; Zhong et al. 2024; Cao et al. 2025; Madaan
et al. 2023). The emergence of LLM agents—autonomous
systems that leverage LLMs to perceive, reason, and act
further extends their potential across complex tasks and
environments. However, these agents often rely on man-
ually crafted agentic workflows, which are structured se-
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Figure 1: Compared with existing methods, A’Flow im-
proves performance by: (1) Self-Adaptive Abstraction Oper-
ators module that optimizes the search process and improves
efficiency, and (2) Operators Memory Mechanism that lever-
ages enables more context-aware execution and improving
workflow search performance.

quences of LLM invocations guided by human-designed
instructions (Brown 2020). The process of designing and
refining such workflows, requiring substantial human ef-
fort, constrains the scalability of LLMs, their adaptability
to novel domains, and their generalization ability across di-
verse tasks (Tang et al. 2023; Zhang et al. 2024a; Xie et al.
2024a; Wang et al. 2024c).

Recent research seeks to automate the generation and op-
timization of effective agentic workflows. DSPy (Khattab
et al. 2024) introduces a structured framework that formal-
izes language model workflows as learnable and optimiz-
able text transformation graphs, enabling automated con-
struction and tuning of LLM pipelines without relying on



manually crafted prompt templates. ADAS (Hu, Lu, and
Clune 2024) designs agentic systems through code-based
workflows, but its linear heuristic search mechanism lacks
efficiency, making it difficult to produce optimal workflows
within a restricted number of iterations. AFLOW (Zhang
et al. 2024a) introduces an automated workflow generation
framework that formulates workflow optimization as a code-
based search problem and efficiently explores he vast search
space using a variant of MCTS. It introduces Operators:
reusable bundles that wrap common agent actions (e.g., En-
semble, Review, Revise) by packaging nodes and edges into
a simple interface. Given a predefined set of Operators and
the edge space, AFLOW can build and refine workflows
more efficiently. However, AFLOW still depends on manu-
ally crafted, task-specific operators, which limit the automa-
tion of workflow construction and hinder generalization to
open-world or embodied tasks, and cannot guarantee opti-
mality within the search space, as illustrated at the top of
FigureDebFlow (Su et al. 2025) leverages a debate mecha-
nism and integrates reflection to optimize workflows and re-
duce resource usage; however, it still relies on the same pre-
defined operators as AFLOW, making it prone to redundant
operators and unnecessary overhead. MermaidFlow (Zheng
et al. 2025) introduces domain-aware evolutionary operators
that maintain semantic correctness while improving work-
flow diversity. However, its predefined operator initialization
limits generalization to open-world tasks. Thus, full automa-
tion remains an open challenge.

To address the limitations of existing agentic workflows
and realize fully automated workflow generation, we in-
troduce A?Flow, an agentic workflow generation frame-
work equipped with Self-Adaptive Abstraction Operators
to optimize the search process and improve efficiency. By
removing the dependency on manually predefined, task-
specific operators, A’Flow reduces reliance on human ex-
pertise in workflow design and mitigates search inefficien-
cies caused by manually introduced biases, thereby enhanc-
ing the scalability, adaptability, and generalization ability
of LLMs across diverse and complex tasks. Additionally,
we integrate an Operators Memory Mechanism that reuses
agents’ thought processes, reducing interaction steps during
inference and improving generation efficiency. Specifically,
A’Flow is designed to autonomously derive optimal abstract
operators directly from raw expert demonstrations, eliminat-
ing manual predefinition through a novel pipeline (shown
at the bottom of Figure 1). This process consists of three
key stages: 1) Initial Operator Generation: Using expert
data and the LLM, prompts generate case-aware operators
for each task type; 2) Operator Clustering and Abstraction:
Operators with similar functions are clustered across cases
to form preliminary abstract operators; 3) Operator Refine-
ment and Selection: Preliminary operators undergo deep
reasoning via Long Chain-of-Thought (COT) (Wei et al.
2022) and feasibility checks, followed by a self-consistency-
based multi-path search to select final task-aware abstract
operators. Besides, when deploying these adaptive operators
for workflow search, the Operator Memory Mechanism en-
hances information sharing and strengthens task comprehen-
sion capabilities.

29931

The key contributions of this work are as follows:

» We propose A%Flow, a highly automated framework for
agentic workflow generation that extracts Self-Adaptive
Abstraction Operators to reduce computational costs and
significantly improve generalization across diverse tasks.

We introduce an Operators Memory Mechanism, which
augments each operator with access to accumulated his-
torical outputs, enabling more context-aware execution
and improving workflow search performance.

Extensive experiments on eight benchmark datasets
across five distinct domains, including code generation,
mathematical reasoning, reading comprehension, games,
and embodied tasks, demonstrate that AZFlow consis-
tently outperforms state-of-the-art methods and exhibits
strong generalization capabilities.

2 Related Work

Agentic Workflow Agentic workflows and autonomous
agents are two main ways to use LLMs. Autonomous agents
make decisions dynamically using feedback from the envi-
ronment (Wang et al. 2023a; Zhuge et al. 2023; Zhang et al.
2024b; Kim et al. 2024; Song et al. 2023; Zhou et al. 2024a).
In contrast, agentic workflows follow predefined multi-step
procedures designed through human expertise and iterative
refinement (Wang et al. 2023b; Yue et al. 2024; Wang et al.
2024b; Zheng et al. 2023; Wang et al. 2024a). Workflows
are often easier to build and more adaptable because they
do not require complex action spaces or control strategies.
Existing workflows fall into two categories: general-purpose
and domain-specific. General-purpose workflows use simple
and reusable structures to support a wide range of tasks (Wei
et al. 2022; Wang et al. 2023b; Madaan et al. 2023; Liu et al.
2024b). Domain-specific workflows target particular appli-
cations, such as code generation (Hu, Lu, and Clune 2024;
Ridnik, Kredo, and Friedman 2024), data analysis (Xie et al.
2024b), mathematical reasoning (Zhong et al. 2024), and
complex question answering (Zhou et al. 2024b). How-
ever, manually designed workflows still face challenges.
General workflows often fall short on complex reasoning,
while domain-specific workflows struggle to transfer to new
tasks (Hu et al. 2024; Yao et al. 2022).

Automated Agentic Optimization Recent work to au-
tomate agentic workflow design fall into three categories:
prompt optimization, hyperparameter tuning, and full work-
flow optimization (Qiao et al. 2024; Huang et al. 2023a;
Zhong et al. 2024; Yang et al. 2024; Huang et al. 2023b).
Prompt optimization (Fernando et al. 2023; Yu, He, and
Ying 2023; Sumers et al. 2023) improves prompts within
fixed workflows using LLMs, but often lacks generalization
and requires manual effort. Hyperparameter tuning (Saad-
Falcon et al. 2024; Liu et al. 2023; Zhou, Li, and Liu
2023) adjusts preset parameters but has a limited scope.
In contrast, automated workflow optimization aims to opti-
mize the entire workflow structure and offers greater poten-
tial for fully automatic and generalizable workflow genera-
tion. GPTSwarm (Zhuge et al. 2024) adopts graph structures
combined with reinforcement learning, but its design strug-
gles to represent workflows involving conditional states,



limiting its expressiveness. ADAS (Hu, Lu, and Clune 2024)
represents workflows as code and stores past workflows in a
linear list, which aligns with our goals. However, its simple
experience representation limits the search efficiency, mak-
ing it hard to find effective workflows. AFlow (Zhang et al.
2024a) searches workflows using MCTS over code-based
nodes and edges. It depends on predefined operators that fix
specific node combinations. These operators are manually
created for each task, which limits automation and requires
redesign in new settings. As a result, AFlow transfers poorly
to unseen or open-world tasks such as embodied control and
WebShop, and there is no evidence that its operator design is
close to optimal. DebFlow (Su et al. 2025) introduces a de-
bate mechanism and reflection to improve workflows and re-
duce resource use. However, it still inherits AFlow’s prede-
fined operators, leading to redundant components and extra
overhead. MermaidFlow (Zheng et al. 2025) also faces dif-
ficulty generalizing to open-world environments, including
embodied and everyday scenarios. A*Flow addresses this
gap by adaptively extracting abstract operators from expert
data without manual design or prior knowledge, enabling
automatic discovery of effective operator sets that improve
workflow automation and generalization.

3 Method
3.1 Preliminary

Recently, AFLOW (Zhang et al. 2024a) exhibits strong per-
formance and efficiency in automated agentic optimization,
which leverages Large Language Models (LLMs) as opti-
mizers within a variant of Monte Carlo Tree Search (MCTS)
to search for optimal workflows. To efficiently explore this
vast search space, AFLOW (Zhang et al. 2024a) introduces
Operators, which encapsulate common agentic operations
(e.g., Ensemble, Review, Revise) by unifying N and E into
a single interface, enabling AFlow to perform faster search
and streamlined workflow generation. Specifically, AFlow
defines an agentic workflow W as a series of LLM-invoking
nodes connected by edges to define the execution orders, de-
noted as N = {Ny, N, ..., N;,...}. Each node N; repre-
sents a specific operation performed by an LLM and is char-
acterized by the following parameters.

A workflow node N; is defined by a language model M,
an input prompt P, a temperature parameter 7 controlling
output randomness, and an output format I’ (e.g., XML,
JSON, Markdown, raw).

Edge F represents abstract structures defining node rela-
tionships, governing the sequence of execution.

Given a task 7' and an evaluation function G, workflow
optimization aims to find a workflow W that maximizes
G(W,T). AFLOW (Zhang et al. 2024a) formulates this as
a search problem where an algorithm A explores the search
space S, which includes all possible configurations of node
parameters and edge structures. To make this exploration ef-
ficient, AFLOW (Zhang et al. 2024a) introduces Operators
that encapsulate common agentic operations (e.g., Ensem-
ble, Review, Revise) by unifying nodes and edges into con-
cise interfaces, enabling AFLOW (Zhang et al. 2024a) to
achieve faster search and streamlined workflow generation.
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SAFLOW:{(Pla"'7P1'L7Ea017"'70n)}a (1)
W* = AFLOW (SarLow, G, T), 2)

where P, £, O representing the sets of possible prompts,
output formats, and edge configurations, respectively, and
PeP,Ec& 0;€0.

3.2 Overview

Our A?Flow enhances the automation of generating agentic
workflows by employing Large Language Models (LLMs)
as optimizers within Self-Adaptive Abstraction Operators
(Figure 2). Before initiating workflow search, we automat-
ically extract these operators without relying on predefined
human expertise. The extraction consists of three stages: (1)
Case-based Initial Operator Generation, where prompts use
expert training data and LLM reasoning to generate case-
aware operators for each task type; (2) Operator Cluster-
ing and Abstraction, where operators with similar functions
across cases are grouped into preliminary abstract operators;
and (3) Deep Extraction for Abstract Execution Operators,
where Long CoT (Wei et al. 2022) and self-consistency en-
able deep reasoning and multi-path search to refine task-
aware abstract operators. To support the workflow search
process, we also propose an Operator Memory Mechanism
(Sec. 3.4) that promotes information sharing across opera-
tors and improves their task comprehension.

3.3 Self-Adaptive Abstraction Operators

We observe that recent studies rely heavily on manually pre-
defined operators, which limits workflow automation and
hinders fast generalization to open-world tasks. To address
this, we propose an automatic generation approach for code-
based and self-adaptive abstract operators, which directly
derives highly integrated operators from raw expert data,
enhancing the ability to rapidly and automatically generate
workflows for diverse tasks.

Case-based Initial Operators Generation Following
AFLOW (Zhang et al. 2024a), we partition the expert dataset
for the specific task into a 20% validation set and an 80% test
set, with the random seed fixed at 42. Using the validation
set, we design initial operator-extraction prompts and lever-
age the reasoning capability of the LLM to perform initial
case-aware operator extraction. Formally, the initial opera-
tor set O is defined as

O(e) — {Oi,j :E(Ci,PevM)|
i:l,...,n;jzlv"'7mi}’

3)

where n denotes the total number of cases, and m; is the
number of operators generated for C;. F is the operator ex-
traction function that, given a specific case C;, the prompt
P,, and LLM M, generates a set of initial case-aware oper-
ators O(©),

Notably, we design prompts P, to convert each case into a
code-based workflow, where each operator in 0'®) is defined
as a basic block, similar to standard program code. Each
block has a single input and output, with no intermediate
jumps or branching. The details of the prompts P, as shown
in Figure 4 and Appendix.
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Figure 2: Overview of our framework. Left: Our method synthesizes abstract execution operators through a three-phase gen-
eration process, leveraging expert data for iterative refinement. Middle: setting a search space composed of nodes, a abstract
operator set, and a code representing edge. Right: Illustration of the MCTS-based evolutionary workflow process. Through
integrating an Operators Memory Mechanism, A2Flow enhance the workflow search capability at each node.

Operator Clustering and Preliminary Abstraction Since
the initial operator set O(¢) often contains operators with
overlapping or similar functionalities, we further apply a
functional clustering process guided by the LLM. Formally,
the preliminary abstract operator set is defined as

o0 =¢(0'), P, M), €

where P, is the clustering prompt, and C denotes the func-
tional clustering function that abstracts similar operators into
higher-level representations. The details of the prompts P,
as shown in Figure 4 and Appendix.
Deep Extraction for Abstract Execution Operators Af-
ter clustering, the number of case-based operators is re-
duced, but they remain insufficiently abstract and general.
To achieve deeper abstraction and merge the preliminary ab-
stract operator set O(®) into universal execution operators
(e.g., execute, verify), we design a multi-path parallel gener-
ation framework with Long chain-of-thought (CoT) prompt-
ing to obtain the final task-aware abstract operators O*). By
adjusting the temperature and randomness of the LLM, we
generate m independent reasoning paths {P,}7;, where
m = 6 in our implementation. For each path P,, we per-
form three iterative refinement steps guided by introducing
CoT prompting:
1. The task instructions I, the prompt P, and the prelimi-
nary abstract operator set O(*) are provided to the LLM
model to generate the initial abstract operator o; .
The tuple (I, P, 01) is fed into the LLM model with CoT
prompting to produce the refined operator os.
. The tuple (I, P;,01,02) is used with another round of
CoT reasoning to obtain the final abstract operator os.

The final task-specific operator set is obtained by aggregat-
ing the final operators from all paths:

oW — Ay ({Op,g}gzlvpta M)’ )
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where O) denotes the final set of task-aware abstract op-
erators, {op,g,}g:1 represents the final candidate operators
generated from each of the six reasoning paths after three-
step iterative refinement, A, (-) refers to the LLM-based ag-
gregation function that merges and generalizes the operators
across multiple paths, P; is the prompt used during the ag-
gregation stage.

Reflection Mechanism To ensure the correctness of code-
based reasoning, we incorporate a reflection mechanism in-
spired by self-correction and error-feedback. At each step,
the LLM is prompted to output Python code, which is then
validated by a Python executor for syntax and executability.
If the code fails the check, the executor raises an error signal
that triggers the LLM to reflect and regenerate the code until
a valid result is obtained. This iterative correction improves
the reliability of the operator extraction process.

3.4 Operators Memory Mechanism

We enhance the workflow search capability at each node by
integrating an Operators Memory Mechanism that retains
and accumulates intermediate operator outputs. Unlike the
sequential AFLOW design, where each operator oy, only de-
pends on the immediate output of o;_1, our mechanism in-
troduces a memory space M, to store all previous results.
The computation of the k-th operator is thus defined as:

ok = fr(input,, Py, Mj_1), (6)

where Py is the instruction prompt and Mj,_; contains all
outputs up to step k — 1. In each node, f; denotes the cor-
responding code-based operator execution function. After
each step, the memory is updated as:

My = M1 U{og}, (N

By incorporating both the original task context and historical
information, this design empowers the operator to perform
more accurately and generalize better across tasks.



3.5 Automated Workflow Optimization

Our workflow search and optimization mechanism builds
upon the AFLOW framework, which follows a structured
cycle of initialization, selection, expansion, evaluation, and
backpropagation. We start from a template workflow Wy,
partition the dataset into a validation set (20%) and a test set
(80%) with a fixed random seed, and employ a mixed proba-
bility selection strategy to balance exploration and exploita-
tion. The LLM-based optimizer expands workflows by gen-
erating or modifying nodes, while each candidate workflow
is executed multiple times on the validation set to compute
robust performance metrics, which are then backpropagated
to update scores and historical experience.

Unlike AFLOW, which uses predefined operators, we
inject our self-adaptive abstract operator set {O(t)} (Sec-
tion 3.3) and Operators Memory M (Section 3.4) into the
workflow search. During the expansion phase, the LLM-
based optimizer directly leverages these adaptive operators,
which are capable of dynamically generalizing and merg-
ing execution steps, as described in our three-step extraction
process. The final optimized workflow is defined as:

w* :S<W0a{0(t)}aG7DVaM)7 (8)

where S denotes the AFLOW-based search and optimization
procedure, {O®} is our self-adaptive operator set, G is the
evaluator, and Dy is the validation dataset. This integration
allows the search to jointly optimize workflow structures and
operator representations, yielding more compact and task-
specific solutions.

4 Experiments
4.1 Experiments Setting

Datasets Our experiments used eight public benchmarks
across five different domains: 1) code generation (Hu-
manEval (Chen et al. 2021), MBPP (Austin et al.
2021)), 2) math reasoning (GSM8K (Cobbe et al. 2021),
MATH (Hendrycks et al. 2021)), 3) reading comprehen-
sion (HotpotQA (Yang et al. 2018), DROP (Dua et al.
2019)), 4) embodied task (ALFWorld (Shridhar et al.
2020)), 5) game (textcraft (Prasad et al. 2023)). For the
MATH benchmark, we adhered to established protocols
(AFLOW (Zhang et al. 2024a)), utilizing identically curated
problem sets derived from four prototypical problem types
at complexity level 5. Details are provided in the Appendix.
Baseline We benchmark A?Flow against two categories of
agent-based methodologies: (1) Manually engineered work-
flows comprising: 10(direct LLM invocation), Chain-of-
Thought (CoT) (Wei et al. 2022), Self-Consistency (SC)
with 5-answer sampling (Wang et al. 2022), Multi-Persona
debate frameworks (Wang et al. 2023b), (2) Autonomous
workflow optimizers:ADAS(Automated workflow synthesis
via LLM agents) (Hu, Lu, and Clune 2024), AFLOW (Zhang
et al. 2024a)

Implementation Details A’Flow utilizes different models
for generation, optimization. and execution. We use Claude-
3.5-sonnet (Anthropic 2024) as the workflows’ optimizer
and use models: GPT-40-mini-0718 (OpenAl 2024a), GPT-
40 (OpenAl 2024b) and deepseek-v3 (Deepseek 2024) as
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Figure 3: Total execution costs for the partitioned DROP test
set are shown. A’Flow and AFLOW-generated workflows
(execution model) were evaluated using the same model.
Legend colors denote the LLM executing each workflow,
with exact values provided in Appendix.

executors. we use models deepseek-v3 (Deepseek 2024) as
abstract operations’ generator.

Evaluation Metrics We employ distinct evaluation metrics
tailored to each benchmark. ALFWorld and TextCraft are
indicated via binary rewards, signifying overall success or
failure. For the mathematical reasoning datasets, GSM8K
and MATH ,,5, the Solve Rate serves as the primary perfor-
mance measure. Code generation capability is assessed on
HumanEval and MBPP using the pass@ 1 metric (Chen et al.
2021). Performance on the question answering benchmarks,
HotpotQA and DROP, is quantified using the F1 Score. To
evaluate both efficiency and accuracy, token usage across
datasets is tracked to estimate cost, which is then analyzed
with performance metrics to construct a Pareto front illus-
trating the trade-offs between methods.

4.2 Experiments Results and Analysis

Main Result As shown in Table 1, we compare AZFlow
against 8 baselines on the math reasoning, code genera-
tion and reading comprehension benchmarks. The experi-
mental results indicate that A’Flow achieves SOTA perfor-
mance across all primary task metrics, with the sole ex-
ception of the HumanEval benchmark (Chen et al. 2021).
Compared to methods that pre-defined operators in work-
flow, our approach outperforms them by an average mar-
gin of 2.4%. On the DROP benchmark specifically, A>Flow
exceeds the suboptimal method AFLOW by 4.5%. On the
MATH benchmark, it surpasses the SOTA baseline AFLOW
by 4.1%. For certain benchmarks, performance is primar-
ily constrained by the inherent limitations of abstract opera-
tor implementation. In HumanEval and MBPP benchmarks,
baselines utilizing pre-defined operators (including Python
interpreter invocation) establish a strong comparison point.
Consequently, optimizations relying solely on abstract op-
erators demonstrate significantly lower effectiveness. Con-
versely, on the GSM8K benchmark, where baseline perfor-
mance is already high, abstract operator optimization yields
only modest gains. We are preliminarily exploring the gen-



Task Reading Coding Reasoning Av

Method HotpotQA'  DROP HumanEval MBPP GSMS8K MATH &
10 (GPT-40-mini) 68.1 68.3 87.0 71.8 92.7 48.6 72.8
CoT (Wei et al., 2022) 67.9 78.5 88.6 71.8 92.4 48.8 74.7
CoT SC (5-shot) (Wang et al., 2022) 68.9 78.8 91.6 73.6 92.7 50.4 76.0
MedPrompt (Nori et al., 2023) 68.3 78.0 91.6 73.6 90.0 50.0 75.3
MultiPersona (Wang et al., 2024a) 69.2 74.4 89.3 73.6 92.8 50.8 75.1
Self Refine (Madaan et al., 2023) 60.8 70.2 87.8 69.8 89.6 46.1 70.7
ADAS (Hu et al., 2024) 64.5 76.6 82.4 53.4 90.8 354 67.2
AFLOW (Zhang et al., 2025) 73.5 80.6 90.9 83.4 93.5 56.2 79.6
Ours 74.1 85.1 92.4 85.0 93.8 58.5 81.5

Table 1: We compare the performance of pre-defined operators and manually designed workflows against the fully automated
framework for agentic workflow generation across reading comprehension, code generation, and mathematical reasoning sce-
narios. All experiments utilize the GPT-40-mini model as executor on test set. Performance metrics are reported as the mean

over three independent trials.

ALFWorld
Method Seen  UnSeen TextCraft Avg.
ReAct 22.0 22.9 33.0 25.9
AFLOW 17.1 26.6 53.0 322
Our 25.0 313 59.0 38.4

Table 2: Comparative experiments on AZFlow vs. agentic
workflow-based baselines. The best results are marked in
bold. All experiments utilize the DeepSeek-v3 model as the
executor on the test set.

Operators Type Score A Score (%) 1
w/o Abstraction Operators 562 )

& Operators Memory '

w/o Operators Memory 53.9 -4.1

Our 58.5 4.1

w/o Initial Operators 49.6 -11.7

w/o Operator Clustering 54.5 -3.0

w/o Deep Extraction Operators ~ 51.6 -8.2

Table 3: Ablation study w.r.t. four components: initialization
operators, clustering operators, abstract execution operators,
and the operator memory mechanism.

eralization of this approach in embodied and game tasks.
Results in Table 2 demonstrate a statistically significant per-
formance improvement of 19.3%. This enhancement primar-
ily stems from the workflow’s adaptive suitability for target
tasks, enabled by automated search algorithms that derive
abstract execution operators from limited training data.

Cost Analysis Using GPT-40-mini as the execution LLM,
we compare the performance and cost of baseline meth-
ods with the top three workflows discovered by A’Flow. As
shown in Figure 3, AZFlow uncovers workflows that allow
less capable models to outperform stronger ones on the cost-
effectiveness Pareto front. This significantly reduces the bar-
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riers to deploying agentic workflows by automating effective
workflow design and eliminating the need for manual effort.
Remarkably superior cost-performance further enhances the
model’s potential for widespread adoption.

4.3 Ablation Study

To quantify each component’s contribution, we conduct
ablations on four A’Flow variants and report both ab-
solute Score and AScore on MATH (Table 3). The full
model attains 58.5% ( A+4.1). Removing Operators Mem-
ory reduces performance to 53.9% (A—4.1). Disabling
the Self-Adaptive Abstraction Operators—w/o Initial Op-
erators, w/o Operator Clustering, and w/o Deep Extrac-
tion—yields 49.6% (A—11.7), 54.5% (A—3.0), and 51.6%
(A—8.2), respectively. The baseline without both modules
scores 56.2%. These results show that both modules are vi-
tal, with the Self-Adaptive Abstraction Operators offering
slightly larger gains.

4.4 Case Study

Figure 4 illustrates the self-adaptive operator generation
and automated workflow optimization in AZFlow, show-
ing the evolution from embodied task samples to execu-
tion operators and workflows. In the Self-Adaptive Abstrac-
tion Operators stage, we first split the expert dataset into
a 20% validation set (33 samples). Using initial operator-
extraction prompts, the LLM analyzes example cases and
proposes initial abstraction operators, such as ObserveEnvi-
ronment() and CreatePlan(). In the second step, we further
apply a functional clustering process guided by the LLM
and achieve operator clustering and preliminary abstraction.
For the third step, we use a multi-path parallel generation
framework with Long chain-of-thought (CoT) prompting
to obtain the final alfworld embodied task abstract opera-
tors(Planner(), Executor(), Validator()). In the MCTS for
Workflow part, it evolves from an initial Executor() oper-
ator to the final workflow presented. In each iteration, the
optimizer dynamically integrates new operators or adjusts
workflow edges to enhance performance. When a workflow
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Self-Adaptive Abstraction Operators

You are a workflow design expert. The current {task_dtype} task is to
extract workflow-related execution operations (execution operators)
from specific problem descriptions and task resolutions.

- The operator's input includes contextual history and a functional
description of the operator. The execution of this operator is
ultimately implemented through the LLM

- Extract key workflow nodes

class [operator_name](object):
def __init__(self, lim: AsyncLLM, name: str)
self.operator_prompt = "[operator_discription]"
class workflow(object):
def __init__(self,):

Multiple task workflows contain execution operators. To derive clustered
operators, you must:

- Cluster related/similar operators and prune non-essential ones

- Abstract generalized execution operations

The input is some operations, but it is not abstract and general enough.
- Deep merge and generate general execution operations
- Similar execution operations need to be merged to reduce the number
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execution_result = await self.Executor(input=history)
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refinement_input = history + f"\nRefine the plan based on
execution attempt {iteration + 1} results."

refined_plan = await self.Planner(input=refinement_input)
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Figure 4: Self-adaptive process of operator generation and automated workflow optimization. The ALFWorld case study illus-
trates how A%Flow abstracts embodied tasks into executable operators through three-phase generation, then navigates the search
space via MCTS to converge on optimal structured agentic workflows.

contains more than two operators, node-to-node transforma-
tion messages are stored in operator memory, enabling con-
text information sharing. Finally, we present the code for the
optimal workflow discovered by A*Flow on the ALFWorld.

5 Conclusion

In this work, we propose A2Flow, a novel fully automated
framework for agentic workflow generation via self-adaptive
abstraction operators. Specifically, A>’Flow uses a three-step
method to extract operators. It starts with case-specific oper-
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ator generation, combining expert examples and LLM rea-
soning. Then, it performs operator clustering, grouping sim-
ilar ones to form early abstractions. Finally, it applies deep
reasoning with chain-of-thought prompts to refine these
into compact, general-purpose execution operators. These
reusable components enable workflow construction without
manual definitions. A*Flow also includes an operator mem-
ory mechanism that stores past outputs to improve node-
level decision-making. Across general and embodied tasks,
AZFlow improves performance by 2.4%, 19.3%, and reduces
resource usage by 37% over leading baselines.
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