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Abstract

Multi-agent systems have emerged as a pow-
erful paradigm for solving complex tasks by
decomposing them into coordinated subtasks
conducted by specialized agents. However, de-
signing effective multi-agent workflows is chal-
lenging and requires strong domain expertise,
making them brittle, inefficient, and difficult
to adapt across tasks and resource constraints.
Addressing these challenges, this survey sys-
tematically review the emerging field of Multi-
Agent Workflow Optimization (MAWO), treat-
ing the workflow itself as the object of auto-
matic improvement. We formalize MAWO as
a constrained optimization problem and orga-
nize existing methods along four dimensions:
workflow representation, optimization targets,
reward signals, and optimization algorithms.
By reviewing and categorizing a wide range
of recent works, we provide a unified frame-
work for understanding automated workflow
improvement and outline open challenges in
this field. This survey serves as a foundational
resource for researchers and practitioners ad-
vancing self-improving multi-agent systems.

1 Introduction

Large language models (LLMs) have significantly
advanced the capabilities of artificial intelligence
systems, demonstrating strong performance in rea-
soning, planning, and tool use across a wide range
of tasks (Chen et al., 2021; Ren et al., 2025; Ke
et al., 2025). Building upon these capabilities, re-
cent research has increasingly explored LLM-based
agents that can perceive their environment, make
decisions, and take actions autonomously. While
early works focused on single-agent settings (Yao
et al., 2022), recent research has shown growing
interest in multi-agent systems, where a complex
objective is decomposed into a set of subtasks, each
delegated to a specialized LLM-based agent that
executes in coordination with others.

Multi-agent workflows provide a principled
paradigm for structured agent collaborations (Li
et al.,, 2025b; Hong et al., 2023). A workflow
specifies how a high-level task is decomposed into
interdependent subtasks, how information flows
between agents, and how intermediate results are
validated and aggregated. However, most exist-
ing workflows are manually designed or rely on
heuristics and ad hoc prompt engineering, requir-
ing substantial human expertise and iterative tun-
ing. Optimizing the workflow configuration is a
complex, multi-objective search problem, balanc-
ing task performance against critical constraints
like computational budget, latency, and API costs.
As a result, manually constructed workflows of-
ten suffer from brittleness, inefficiency, and poor
generalization across tasks.

Motivated by these challenges, we present a sys-
tematic and optimization-centric review of Multi-
Agent Workflow Optimization (MAWO). MAWO
focuses on automatic improvement of agent work-
flows, where the workflow itself becomes the ob-
ject of optimization. These methods aim to search,
learn, or evolve workflow structures, agent config-
urations, orchestration strategies, etc. In this work,
we unify the design space of workflows and formal-
ize workflow design as a constrained optimization
problem. Building on this formulation, we organize
existing methods along four dimensions: workflow
representation, optimization targets, reward and
evaluation signals, and optimization algorithms.

Existing surveys on LLM-based agents and
multi-agent systems primarily focus on construct-
ing multi-agent architectures (Li et al., 2024b),
inter-agent communication mechanisms (Khan
et al., 2023), and applications (Bennai et al., 2023).
Most of them take workflows as descriptive sys-
tem components, and discussion of agent evolution
are often limited to isolated components such as
prompts or tools (Fang et al., 2025). In contrast,
to the best of our knowledge, this survey is the



first to give a systematic and formalized view over
workflow optimization.
Specifically, our contributions are threefold:

* Formalization: We provide a unified defini-
tion of multi-agent workflows and formulate
workflow design as a constrained optimization
problem, clarifying the objectives and trade-
offs involved.

* Taxonomy: We present a comprehensive tax-
onomy of existing methods along four dimen-
sions: workflow representations, optimization
targets, reward designs, and algorithmic strate-
gies, highlighting connections and distinctions
among existing approaches.

* Analysis and Outlook: After reviewing exist-
ing approaches, we further discuss open chal-
lenges and future directions, outlining promis-
ing research directions for scalable, efficient,
and general workflow auto-improvement.

2  Workflow Structure and Formulation

Components. The core components of a multi-
agent workflow (Chen et al., 2024; Yamamoto et al.,
2025; Zhang et al., 2025b) include: (1) Nodes: The
basic units of work. Each node performs a spe-
cific task, such as running code, calling a tool, or
retrieving information. (2) Edges: Directed con-
nections between nodes. They define the execution
order and dependencies, and specify how outputs
from one node are passed to the next. (3) Orches-
trator: The controller that runs the workflow. It
triggers nodes according to the edges, passes data
and state between steps, and manages logic such as
branching, parallelism, and retries so the workflow
executes as an ordered, reproducible process.
Notations. To formulate MAW problem, we first
define the space of possible workflows, W. A work-
flow can be characterized by several components:
(1) Graph Structure G: specifies which nodes the
workflow contains and how they are connected, i.e.,
the overall process structure and information flow.
(2) Agent Parameters IP: Specifies how each node
is instantiated, such as the model choice, prompts,
and key inference or generation hyperparameters.
(3) Orchestration Policy C: Specifies how the work-
flow is executed at runtime, including routing deci-
sions, branching or iteration, stopping criteria, and
how outputs from different nodes are combined.
We model the workflow space as

W:=GxPxC (D

meaning each workflow W = (G, P,C) € W is
a specific combination of a graph structure, agent
parameter settings, and an orchestration policy.
Goal. Let 7 denote a distribution over task in-
stances 7. Each instance specifies an input z, auxil-
iary context x, and an evaluation specification that
defines how the workflow output is scored, such
as a reference output y or a task-specific scoring
rule. The goal of workflow optimization is to find
a workflow W* that maximizes the expected utility
over 7
*

W* = arg VI{I}&%U(W), )
where the utility of a workflow is defined as the
expected task performance

UW) :=E, 7 [Perf(W, )], (3)

and Perf(W, 7) measures how well workflow W
performs on task instance 7. It can be instantiated
as accuracy, success rate, pass @k, or a judge-based
score.

Objective. In MAW, resources are often limited
and are typically treated as explicit constraints, typ-
ically including: (1) Budget constraint: Limits
the overall computation budget of the workflow,
such as total token usage, API calls, or monetary
cost, so that the workflow does not exceed a fixed
budget B. (2) Latency constraint: Requires the
workflow to finish within a time bound T,,,x. The
constrained optimization problem can be written as

arg max B [Perf(W,7)]

)]
)]

The objective in (4) searches for the optimal W that
maximizes expected task performance while keep-
ing the expected budget-related cost and expected
runtime within the limits B and Ty ., thereby mak-
ing the performance-efficiency trade-off explicit.
This is a basic formulation and can be extended
with additional constraints, such as an instanta-
neous (peak) resource constraint that bounds the
maximum memory or CPU usage during execution
to prevent system overload when multiple agents
run concurrently.

Failure modes of MAW. Designing effective multi-
agent workflows is a challenging task, as there are
multiple potential failure modes. MAW often strug-
gle due to (1) poor or ambiguous prompt speci-
fications, which can make coordination strategies

s.t. Ero7[Costy(W, 4)

T)| < B,
Err [COStt(VVu 7)| < Thax-



underspecified and force repeated clarification (Pan
et al., 2024; Wang et al., 2024a). In particular, (2)
unclear agent roles and responsibilities undermine
division of labor and can lead to redundancy of
roles, reducing collaboration efficiency (Li et al.,
2025a; Zhu et al., 2025). Another major failure
mode arises from (3) inter-agent interaction and
coordination breakdowns during execution (Zhu
et al., 2025; Agashe et al., 2023). Agents may
(4) omit essential context, leading to lost details
and downstream decisions based on partial infor-
mation (Pan et al., 2024; Han et al., 2024). They
may also face (5) inadequate tools or access, pre-
venting key actions or verification and causing the
workflow to stall (Cemri et al., 2025). Recent work
has begun to systematically characterize these fail-
ures (Cemri et al., 2025), identifying 14 failure
modes and showing that straightforward fixes strug-
gle to succeed. These challenges underscore the
urgent need for a systematic review of automatic
optimization strategies to improve MAW design.

3 Automatic Workflow Improvement

This section focuses on how automatic MAW opti-
mization (MAWO) were improved. We summarize
the key design dimensions of MAWO, including
workflow representations, which components to op-
timize, workflow topology, optimization signals or
rewards, and the optimization algorithms used to
search the workflow space.

3.1 Workflow Modeling

Most MAWO modeling approaches can be catego-
rized into the following two paradigms:

* Textual-instruction modeling. This paradigm
formulate MAWO in the space of natural lan-
guage: defining it as a textual object that can be
generated, edited, and compared. For example, a
collection of agent role descriptions and system
prompts, message templates and interaction pro-
tocols, and communication topology expressed
as a graph encoded in text. Under this formu-
lation, the search space is the set of such tex-
tual specifications, and the optimization problem
is to find the specification that maximizes end-
task utility under constraints such as token bud-
get, latency, or safety. Typically, MASS frames
the design variables explicitly as prompts and
topologies, and defines the goal as selecting the
best-performing configuration in that combined
space (Zhou et al., 2025). GPTSwarm models

the workflow as a graph structured prompting
scheme. Node behaviors are language operations
parameterized by prompt templates. Edges spec-
ify how intermediate textual contexts are passed
and transformed to compose multi-step reason-
ing patterns (Zhuge et al., 2024). EvoAgentX
extends multi-agent workflows into a modular
system. Each agent is configured with a prompt
template that specifies its role and task in natural
language, and these prompts are iteratively re-
fined by the system’s optimization algorithms so
the workflow is composed and updated through
textual instructions (Wang et al., 2025b).

* Programming Modeling. @ An alternative
paradigm implements agentic workflow proce-
dure through explicit programming. AFlow
models workflow discovery as search in a
program space where workflows are repre-
sented as executable code with node parameters
and control-flow edges (Zhang et al., 2024d).
ADAS treats agent invention itself as program
synthesis, letting a meta-agent write agents
in code and search the program space (Hu
et al., 2024). SEW specializes in code gen-
eration, automatically generating and optimiz-
ing multi-agent workflows and studying tex-
tual encodings of workflow representations (Liu
et al., 2025). VFlow casts Verilog generation
as graph-structured workflow search under a
code-level multi-objective combining compile
and simulation correctness with area, power
and timing (Wei et al., 2025). MetaGPT for-
malizes collaborative software engineering as
SOP-encoded multi-agent processes that pro-
duce and verify code artifacts, including tests
and debugging (Hong et al., 2023).These works
define either the search space as programs or the
objective signals via compile, test and execution
feedback, grounding optimization in coding.

3.2 What to Optimize

The design space of LLM-based agent workflow
systems encompasses multiple interconnected com-
ponents, including: (1) prompts that define agent
instructions and provide task context, (2) workflow
topology that determines the structural arrange-
ment and connectivity of agents, (3) communica-
tion protocols that regulate inter-agent informa-
tion exchange, (4) operators that serve as reusable
building blocks for common agent operations, (5)
tools and APIs that extend agent capabilities.



Table 1: Main optimization components. Legend: v'v: primary target; v': secondary or considered; —: not a focus.

Method Prompts YrVorkﬂow Comm. Operators Hyper- Memory Tools
opology parameters
Reflexion (Shinn et al., 2023) Va4 - - - - - -
FlowMind (Zeng et al., 2023) - v - - - - -
MetaGPT (Hong et al., 2023) - v - - - -
PromptBreeder (Fernando et al., 2024) Va4 - - - - - -
G-Designer (Zhang et al., 2024c) - v vV - - - -
GPTSwarm (Zhuge et al., 2024) - Va4 v v - - -
EvoAgentX (Yuan et al., 2024) Va4 vV - - - v v
AFlow (Zhang et al., 2024d) v vV - vV - - -
ADAS (Hu et al., 2024) v vV - v - - v
MaAS (Zhang et al., 2025b) vV VE'4 - v - - v
ScoreFlow (Wang et al., 2025c) v vV - v - - -
OPTIMAS (Wu et al., 2025) Va4 - - - a4 - -
VFlow (Wei et al., 2025) v Va4 - v - - -
W4S (Nie et al., 2025) v Va4 - v - - -
DebFlow (Su et al., 2025) - vV - v - - -
FlowReasoner (Gao et al., 2025) v a4 - - - - -
MermaidFlow (Zheng et al., 2025a) - Va4 - v - - -
ARG-Designer (Li et al., 2025b) - v vV - - - -
SEW (Liu et al., 2025) v Va4 - - - - -
Topological Learning (Yang et al., 2025) - vV vV - - - -

3.2.1 Prompt

In agent workflow systems, prompts can play var-
ious roles. The prompt provides persona, instruc-
tion, and may include examples, to empower role
assignment, task assignment, and chain-of-thought.
These applications have made prompt one of the
key optimization targets in MAWO.

To improve prompts’ contextualization capabili-
ties, Zhang et al. (2025b) build blocks with agents
divided into five types, with prompt differs across
agent types. Each prompt includes a persona, a
task description, and examples of this task. In
ScoreFlow (Wang et al., 2025c), example tasks
are enriched including code generation, debugging,
and formatting answers. OPTIMAS further in-
cludes tasks such as query rewriting, answer gener-
ation, and context analysis. FlowReasoner builds a
prompt library to store various prompts.

One important direction is experience collec-
tion and self-evolution of prompts. In EvoA-
gentX (Wang et al., 2025b), the prompt is initial-
ized by a minimalist task description. But with
various-level optimization, the prompt is fulfilled
with a more detailed description, demonstrations,
etc. Reflexion (Shinn et al., 2023) enhances the
prompt with the self-reflection of trial results. In
ADAS, the prompt also evolves from a zero-shot
chain of thought prompt to including feedback
and human-like insights. In Aflow (Zhang et al.,

2024d), the initial prompt is defined as an Operator
prompt, including a simple task description. Later,
with evolving, customizable prompts, such as the
experience of avoiding format errors and test fail-
ures. SEW (Liu et al., 2025) evolves the prompt
by adding the experience of various perspectives.
First, requirements are added to avoid test failures.
Then, meta-analysis is included. Finally, format
requirements are added.

To develop a pricipled prompt evolution frame-
work, PromptBreeder (Fernando et al., 2024) de-
signs a three-level hierarchical prompt system: the
task prompt, the mutation prompt, and the hyper-
mutation prompt. The task prompt provides direct
instructions for solving the downstream task, the
mutation prompt describes how to evolve the task
prompt. The hyper-mutation prompt, as it is named,
decides how to update the mutation prompt.

Besides, MAWO is a multi-objective optimiza-
tion task. To prevent the dominance of objec-
tive subsets, VFlow (Wei et al., 2025) proposes
population-specific refinement for prompt evolu-
tion. Each population focuses on a specific objec-
tive. As a result, each population-specific refine-
ment guides the prompt to evolve towards one of
the directions to the final goal.



3.2.2 Workflow Topology

Creating new agents is common during the con-
struction of an agent system. When multiple agents
are created, their topological relations in the agent
system are non-trivial for the system’s performance.
These topological relations are defined in a manner
that can be optimized. These are graph-based, code-
based, and specification-based representations.

Graph Generation. By modeling the workflow
topology as DAGs, the topology optimization prob-
lem is transformed into a graph generation prob-
lem. The agent workflow in GPTSwarm (Zhuge
et al., 2024) is modeled as DAGs with a tuple
(N, E, F,0), consisting of nodes N, edges F, com-
putational routines F', and output node o. G-
Designer (Zhang et al., 2024c) uses a variational
graph auto-encoder to construct task-adaptive dy-
namic topologies represented as graphs. MaAS de-
fines an agentic supernet and samples its topologies
from an architecture distribution. EvoAgentX (Lee
et al., 2025) implements a modular architecture
with five layers (basic components, agent, work-
flow, evolving, evaluation), representing workflows
as graphs with agents and execution topologies.
EvoFlow (Zhang et al., 2025a) defines hierarchi-
cal workflows, where invoking nodes and operator
nodes are connected by intra-operator and inter-
operator connectivity.

Code Generation. Code-based methods (Zeng
et al., 2023; Zhang et al., 2024d; Hu et al., 2024;
Wang et al., 2025c; Wei et al., 2025; Su et al.,
2025; Nie et al., 2025; Gao et al., 2025) repre-
sent agent workflows as executable Python code.
Differing from the graph-based representation, the
code-based representation implicitly embeds the
DAG in the code execution flow. lL.e., the code itself
is the agent workflow topology. With code-based
representation, the coding ability of the LLMs can
be applied to modify and refine the current topol-
ogy (code). Once generated, this code can be ex-
ecuted to verify its correctness and can be inter-
preted when it is not too complex.

Specification Representation Specification-
based representation models the topological infor-
mation with formal languages such as markup lan-
guages and Domain-Specific Languages (DSLs).
MermaidFlow (Zheng et al., 2025a) uses Mer-
maid markup language to create typed, declara-
tive workflow graphs with role semantics, data
flow, and structural constraints. Later, the mer-
maid specification is compiled into executable code.

SEW (Liu et al., 2025) investigates five represen-
tation schemas (BPMN, CoRE, Python, YAML,
pseudo-code) for self-evolution. MetaGPT imple-
ments role-based orchestration with SOPs (Stan-
dard Operating Procedures), where agent work-
flows are defined through templates.

3.2.3 Agents Communication

The communication connects the downstream
task solving and the workflow topology.
MetaGPT (Hong et al.,, 2023) proposes to
establish schemas and mechanisms for agent
communication.  Specifically, each agent is
expected to generate content with a specified
format. Their communication mechanism is a
subscription system to a shared message pool,
which aggregates messages from all agents.

Many works explore automatic communication
optimization. G-Designer (Zhang et al., 2024c),
the task-specific communication is initialized as a
simple chain structure and is refined by the opti-
mizer. GPTSwarm (Zhuge et al., 2024) initializes
the communication by assigning a pre-defined prob-
ability to each possible edge. In ARG-Designer (Li
et al., 2025b), the edge is generated following the
creation of the corresponding node. Specifically,
Topology Learning (Yang et al., 2025) proposes
a two-hierarchy communication mechanism. The
optimizer first selects macro-level communication
patterns such as chain, star, etc. Subsequently, the
micro-level communication graphs are generated.

3.2.4 Operators

Operators are reusable modules or abstractions.
Some examples are building blocks and agentic
operations. These operators enable efficient work-
flow construction and reduce the search space of
workflow optimization.

Depending on the target domains and task scales,
the operators considered by the workflow sys-
tem vary. Aflow (Zhang et al., 2024d), Score-
flow (Wang et al., 2025c¢), and Debflow (Su et al.,
2025) have identical 7 operators: Generate, Code-
Generate, Format, Review, Revise, Ensemble, Test,
Programmer. Other works that apply operators
each have a different operator setting. Some op-
erators are task-agnostic and are commonly used,
such as ensemble (Zhang et al., 2024d; Wang et al.,
2025c; Su et al., 2025; Gao et al., 2025; Zheng
et al., 2025a; Zhang et al., 2025a) that outputs
the best solution among all generated solutions,
Test (Zhang et al., 2024d; Wang et al., 2025c; Su



et al., 2025; Gao et al., 2025; Zheng et al., 2025a)
that provides success or failure information, and
Review/Reflect (Zhang et al., 2024d; Wang et al.,
2025c; Su et al., 2025; Zhang et al., 2025b; Gao
et al., 2025; Zhang et al., 2025a) that provides
feedback. In addition, some operators are task-
dependent, such as Circuit Optimizer (Wei et al.,
2025) for the downstream task Verilog generation.

3.2.5 Tool Integration

External tools, such as Web search, APIs, mem-
ory, and code execution, enable the agent to access
external information, verify solutions, and interact
with the physical world. How to use these tools is
a non-trivial problem in workflow optimization.

Code execution tools are used in workflow, either
to verify the generated workflow topology (Zhang
et al., 2024d; Wang et al., 2025¢c; Gao et al., 2025;
Zhang et al., 2025b), or to verify the generated code
in the coding domain (Gao et al., 2025; Wei et al.,
2025). Information retrieval tools such as RAG
retrievers (Wu et al., 2025; Zhang et al., 2025b)
are used to retrieve related documents.Web search
tools are invoked when real-time information is nec-
essary for downstream tasks (Zhang et al., 2025b;
Zhuge et al., 2024).

3.3 Optimization Reward

The efficacy of agentic workflow optimization crit-
ically depends on the design of appropriate reward
signals. Unlike traditional optimization where ob-
jective functions or rewards are readily computable,
agentic workflows present unique challenges: their
execution involves multiple steps, partial outputs,
and complex dependencies. This section examines
two fundamental paradigms for reward formulation
in workflow optimization: intermediate rewards
for partial evaluation and long-term rewards for
holistic assessment.

3.3.1 Intermediate reward

Intermediate rewards are widely used by simpli-
fying the complex workflow evaluation task into
smaller, more manageable units. By evaluating par-
tial progress, these rewards offer immediate feed-
back to guide the optimization of individual com-
ponents, without waiting for the entire workflow to
complete. The design of intermediate rewards typi-
cally involves: (1) Component-level Evaluators:
These are specialized functions designed to assess
the output of individual workflow components or
agents. For example, in a code generation work-

flow, a syntax checker can provide early feedback
on code validity, allowing immediate corrections
before the execution phase begins. (2) Step-wise
Performance Metrics: These rewards assess suc-
cess at each step of the workflow, offering real-time
evaluation of specific aspects of the process. For
instance, a chain-of-thought agent might be eval-
uated on reasoning consistency at each reasoning
step, or in a retrieval-augmented generation (RAG)
workflow, the relevance of retrieved documents can
be scored before they are used in the final output.

3.3.2 Long-term Reward

Long-term rewards provide a holistic evaluation
of the entire workflow’s performance, aligning
the agent’s objectives with the ultimate task goal.
These rewards typically come with the challenge
of reward sparsity and delayed feedback, where
feedback is provided only after the full task is
completed and it is difficult for agents to assign
it across the action trajectory. Key formulations of
long-term rewards include: (1) End-to-End Task
Success: This type of reward provides a binary or
scalar measure indicating whether the workflow
successfully achieved its intended goal. It’s com-
monly used in benchmark evaluations and serves
as a clear indicator of overall success or failure. (2)
Cost-Aware Utility Functions: These rewards bal-
ance task performance with resource consumption.
For example, the utility function might incorporate
factors such as token usage, execution latency, and
financial costs (e.g., computational resource costs
or cloud service fees). This encourages workflows
that optimize not just for accuracy or speed, but for
efficiency in terms of resources used. (3) Human
Preference Signals: As workflows become more
complex and nuanced, automated metrics may fail
to capture quality dimensions valued by humans,
such as creativity or user satisfaction. In these
cases, rewards may be designed based on human
feedback, where a reward model is learned from
human judgments to guide optimization towards
more qualitative, user-preferred outcomes.

3.4 Optimization Methods

The efficacy of a multi-agent workflow is deter-
mined not only by the capabilities of its individual
agents but also by the optimization of its structure,
parameters, and dynamic execution policies. Opti-
mizing these complex systems involves navigating
a vast search space of possible agent configura-
tions, interaction patterns, and operational parame-



ters. This section surveys the primary algorithmic
families employed for this optimization challenge,
ranging from direct construction methods to sophis-
ticated learning and search-based meta-heuristics.

3.4.1 Zero-shot Generation

Zero-shot generation leverages LLMs to directly
generate valid multi-agent workflow structures,
task allocation rules, or coordination logics. It
excels at rapid workflow prototyping and adapting
to novel multi-agent scenarios. In foundational ap-
proaches (Yao et al., 2022; Liu et al., 2024; Wang
et al., 2025a), a human designer explicitly defines
the agents, their roles, their tools, and the graph
structure governing their interactions. These meth-
ods rely heavily on domain expertise and iterative
prompt engineering. A survey on agentic retrieval-
augmented generation (Singh et al., 2025) system-
atically reviews how zero-shot prompt design for
the agent enables dynamic information integration
in multi-agent workflows, implicitly highlighting
design patterns for these workflows, which serve as
heuristics for effective manual construction. While
not an automated optimization algorithm in the tra-
ditional sense, this expert-driven design serves as
the essential baseline and starting point for more
advanced automated methods.

3.4.2 Reinforcement Learning

Reinforcement Learning offers a formal mathemat-
ical framework for optimizing LLM-based agents
in dynamic environments (Xu et al., 2023). Typi-
cal multi-agent RL. methods employ an actor-critic
framework like MADDPG (Lowe et al., 2017) and
MAPPO (Yu et al., 2022), and value-based ones
like VDN (Sunehag et al., 2017), QMIX (Rashid
et al., 2020), and NA2Q (Liu et al., 2023c). This
simplified and memory-efficient structure makes
GRPO (Shao et al., 2024) particularly well-suited
for the joint training of complex, heterogeneous
multi-agent systems (Ke et al., 2025; Li et al.,
2024c; Zhuge et al., 2024).

Concretely, Yue et al. (2025) targeted complex
trajectories in knowledge-intensive tasks by de-
composing them into subtasks. It put forward a
co-training paradigm for multi-agent frameworks,
which not only secures synergy among agents but
also preserves the fine-grained performance of each
individual agent. Liu et al. (2023b) proposed an
alignment scheme which effectively mitigates the
issues of instability and reward gaming that are typ-
ically associated with reward-based RL optimiza-

tion. JoyAgents-R1 (Han et al., 2025) introduced
an adaptive memory evolution mechanism that re-
purposed GRPO rewards as cost-free supervisory
signals to eliminate repetitive reasoning and accel-
erate convergence.

3.4.3 Evolutionary Computing

Researchers have extensively explored the interac-
tion between evolutionary algorithms (EAs) and
LLM workflows. This exploration covers diverse
areas, including prompting (Xu et al., 2022), code
generation (Romera-Paredes et al., 2024), project
planning (Tao et al., 2023), and evolutionary scal-
ing during inference (Lee et al., 2025).

Early efforts, such as EvoAgent (Yuan et al.,
2024) and EvoPrompt (Guo et al., 2023), made
use of basic genetic algorithms to optimize indi-
vidual agent components, specifically agent pro-
files and prompts. To evolve at the workflow
level, Evoflow (Zhang et al., 2025a) automat-
ically searches a population of heterogeneous,
complexity-adaptive agentic workflows. It utilizes
tag-based retrieval alongside core evolutionary me-
chanics such as crossover, mutation, and niching-
based selection. Furthermore, the open-source plat-
form EvoAgentX (Wang et al., 2025b) automates
the generation, execution, and evolutionary opti-
mization of multi-agent workflows. It employs a
modular five-layer evolving architecture to itera-
tively refine agent prompts, tool configurations, and
the overall workflow topologies.

3.4.4 Monte Carlo Tree Search

With the great success of CoT in enhancing the abil-
ity of LLM reasoning, MCTS has recently emerged
as a powerful technique to conduct multi-hop rea-
soning (Zhang et al., 2024a; Feng et al., 2023).
These methods mainly construct MCTS in two
ways, representing each node with a complete an-
swer refined from the parents (Zhou et al., 2023;
Zhang et al., 2024b) or a reasoning step following
its parents (Qi et al., 2024; Antoniades et al., 2024).
Recently, MCTS-AHD (Zheng et al., 2025b) orga-
nizes LLM-generated heuristics in a tree structure
and can better develop the potential of temporar-
ily underperforming heuristics. AFlow (Zhang
et al., 2024d) formulates the workflow generation
as a search problem over a code-based operator
space, using Monte Carlo evaluations to prune the
search tree. AgentSwift (Li et al., 2025¢) proposes
an uncertainty-guided hierarchical expansion strat-
egy based on MCTS, incorporating recombination,



mutation, and refinement over components of the
workflow. This evolution positions MCTS not just
as a reasoning tool, but as a key enabler for com-
plex, adaptive agentic tree-search and optimization.

3.4.5 Others

A growing body of research adapts neural archi-
tecture search (NAS) (Ren et al., 2021) in agentic
workflows, such as specifically meta learning and
bayesian optimization, to the automating the design
of agentic systems. Works like ADAS (Hu et al.,
2024) and FlowReasoner (Gao et al., 2025) utilize
techniques ranging from meta-learning to jointly
fine-tune agent prompts, configurations, and the
execution graph itself. AutoAgents (Chen et al.,
2023) generates task-adaptive agent teams and ex-
ecution graphs by searching through a space of
possible roles effectively performing instance-level
architecture search. More recently, MaAS (Zhang
et al., 2025b) introduces a differentiable search
strategy using probabilistic supernets by learning a
query-conditioned distribution over agentic archi-
tectures, which shifts the objective from finding
a single static workflow to learning an adaptive
policy. While meta learning focuses on structure,
bayesian optimization (Zhou et al., 2019) addresses
the challenge of tuning agent hyperparameters and
modulars. For example, MoLAS (Shang et al.,
2024) searches by LLM agents modular design
space bayesian combination for novel and good per-
formance. Cognify (He et al., 2025) automatically
optimizes complex gen-Al workflows by dynam-
ically allocating a search budget across different
tuning layers based on workflow-level evaluation
results. These methods generally treat workflow op-
timization as a hyperparameter or topology search
problem, employing LLMs not just as actors, but
as optimizers themselves.

4 Applications

Due to space limitation, we put application and
benchmark summaries in App. A.

5 Discussions

5.1 Challenges

Despite the promise of MAWO, several critical hur-
dles remain due to the stochastic nature of LLMs
and the complexity of multi-agent environments.
Optimization Complexity and Search Space.
The search space W = G x P x C is
high-dimensional, discrete, and non-differentiable.

Small changes in prompts or topology can lead to
non-monotonic performance shifts. Furthermore,
evaluating the true utility function & (W) requires
expensive, repeated execution of agent chains, mak-
ing exhaustive search infeasible and necessitating
more sample-efficient optimization strategies.

Correctness, Verification, and Safety. Val-
idating workflows is harder than modular soft-
ware because upstream hallucinations can prop-
agate through a chain, leading to "silent failures."
Current optimization methods largely optimize for
final metrics, lacking the granularity to verify in-
termediate reasoning steps or implement “quality
gateways" effectively. Without formal verification
mechanisms or reliable confidence estimation at
the node level, optimized workflows are prone to
malfunction amplification, where minor errors in
early stages cascade into catastrophic failures in
the final output.

Generalization to Structural and Semantic
Constraints in Open-ended Domains. Beyond bi-
nary tasks like coding, where success is measurable
via unit tests, generalizing optimization to open-
ended domains remains difficult due to implicit
constraints and interface mismatches. In reality,
nodes and edges are governed by latent semantic
constraints and logical dependencies, such as prior
knowledge dependencies or data format require-
ments. Agents often produce outputs that mismatch
the input schema of downstream agents, leading
to structural failures. An effective optimizer must
treat workflows as constrained state machines, en-
suring that state transitions respect both the rigid
logic of the task and the soft constraints.

5.2 Future Directions

To further advance MAWO, research should transi-
tion from heuristic, black-box search toward prin-
cipled, transparent frameworks. Promising direc-
tions include: (1) Improving sample efficiency. For
example, using differentiable components or surro-
gate models to reduce the cost of evaluating com-
plex workflows. (2) Adaptive optimization. Work-
flows can be improved by dynamically updating
their topology and strategies over time as environ-
ments and user intents shift. (3) Neuro-symbolic
integration. Incorporating formal constraints and
human-in-the-loop feedback would benefit MAW’s
reliability and controllability. By bridging the
gap between stochastic generation and rigorous
logic, optimized workflows can be not only high-
performing but also interpretable, safe, and robust.



Limitations

Our survey is subject to a few limitations. First, we
primarily focus on the optimization of workflows
driven by LL.Ms, and thus do not extensively cover
classical multi-agent reinforcement learning unless
explicitly adapted for generative agents. Second,
given the extremely rapid pace of research in this
domain, this review represents a snapshot of the
current landscape; while we strive for comprehen-
siveness, new methods appear frequently. Finally,
the absence of standardized benchmarks and uni-
fied evaluation protocols across the community re-
stricts our ability to perform a rigorous quantitative
meta-analysis, necessitating a reliance on qualita-
tive taxonomy and conceptual comparison.

Ethical considerations

The advancement of MAWO introduces signifi-
cant ethical implications. A primary concern is
dual-use risk; the same optimization algorithms
that enhance productivity could be exploited to
increase the efficiency and lethality of malicious
workflows, such as automated cyber-attacks or dis-
information campaigns. Additionally, as workflows
become autonomously evolved and increasingly
complex, there is a risk of reduced interpretabil-
ity and accountability, creating black-box systems
where the decision-making logic becomes opaque
to human supervisors, complicating error diagnosis
and safety enforcement in critical applications.
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A Application Domains

Recent progress in MAWO has been empirically
validated on a wide range of downstream tasks. To
organize this literature, we group existing works by
the evaluation tasks they adopt, which helps high-
light domains that have been extensively studied as
well as those that are less explored. Table 2 summa-
rizes commonly used evaluation benchmarks and
their corresponding domains. Below, we discuss
the main application areas of MAWO.

Software Engineering. A dominant setting
treats workflow optimization as improving code
generation, debugging, or software-construction
pipelines, typically assessed by functional correct-
ness or task completion in programming environ-
ments. Representative works include Reflexion
(Shinn et al., 2023), AFlow (Zhang et al., 2024d),
G-Designer (Zhang et al., 2024c), GPTSwarm
(Zhuge et al., 2024), SEW (Antoniades et al.,
2024), FlowReasoner (Gao et al., 2025), EvoA-
gentX (Wang et al., 2025b), and OPTIMAS (Wu
et al., 2025). These efforts typically instantiate
multi agent pipelines that decompose software en-
gineering tasks into specialized roles such as plan-
ning, code writing, debugging, and verification,
and then optimize workflow components.

Mathematical Reasoning. Another major clus-
ter of MAWO works focus on multi-step mathe-
matical problem solving, emphasizing structured
derivations, arithmetic reasoning, or competition-
style math challenges (Zhang et al., 2024d; Nie
et al., 2025; Wang et al., 2025c; Zhang et al.,
2025b; Su et al., 2025; Li et al., 2025b; Wang et al.,
2025b). These studies are evaluated on mathemat-
ical testbed where candidate workflows are com-
pared primarily by final answer correctness and
related automated signals, enabling scalable itera-
tion and selection of improved multi-step solution
procedures.

Knowledge-intensive Question Answering.
MAWO is also commonly evaluated on question
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answering tasks that require multi-hop evidence
aggregation or complex reasoning over provided
context (Zhang et al., 2024d; Nie et al., 2025; Su
et al., 2025; Wang et al., 2025b; Shinn et al., 2023).
These efforts evaluate their methods on knowledge-
intensive, open-domain multi-hop question answer-
ing tasks that require aggregating multiple pieces
of evidence from encyclopedic sources to answer
complex questions.

Interactive Decision Making. Several works
evaluate MAWO in interactive environments where
agents must plan, act, and recover from failures, of-
ten under sparse or delayed feedback. For example,
Reflexion (Shinn et al., 2023) explicitly evaluates
sequential decision-making in interactive settings
and web-interaction tasks; GPTSwarm (Zhuge
et al., 2024) and MaAS (Zhang et al., 2025b) in-
clude agentic “knowledge discovery" style evalu-
ations; DebFlow (Su et al., 2025) includes inter-
active task environments; and EvoAgentX (Wang
et al., 2025b) assesses performance on real-world
agent benchmarks.

Information Retrieval. A smaller but important
set of MAWO studies target information retrieval,
using agentic pipelines to coordinate stages such as
query understanding, candidate retrieval, reranking,
evidence consolidation, and final recommendation
generation, while optimizing end-to-end system
utility rather than the output of any single compo-
nent. OPTIMAS (Wau et al., 2025) treats product
recommendation and retrieval augmented QA as
compound systems and improves end-to-end utility
by jointly optimizing heterogeneous components.
FlowReasoner (Gao et al., 2025) focuses on query
level multi agent workflows and uses execution
feedback to refine retrieval and reasoning. Recent
agentic RAG pipelines surveyed in (Singh et al.,
2025) also adopt multi agent decompositions to im-
prove robustness in complex information retrieval.



Table 2: Commonly Used Evaluation Benchmarks for MAWO.

Domain

Datasets

Methods

Knowledge-intensive
Question Answering

DROP (Dua et al., 2019)

AFlow (Zhang et al., 2024d); ScoreFlow (Wang et al., 2025¢); DebFlow (Su
et al., 2025); W4S (Nie et al., 2025); ADAS (Hu et al., 2024)

HotpotQA (Yang et al., 2018)

Reflexion (Shinn et al., 2023); AFlow (Zhang et al., 2024d); ScoreFlow (Wang
et al., 2025¢); DebFlow (Su et al., 2025); EvoAgentX (Wang et al., 2025b);
OPTIMAS (Wu et al., 2025)

Natural Questions (NQ)

EvoAgentX (Wang et al., 2025b)

StrategyQA (Geva et al., 2021)

PromptBreeder (Fernando et al., 2024)

CommonsenseQA (Talmor et al., 2019)

PromptBreeder (Fernando et al., 2024)

PubMedQA (Jin et al., 2019)

OPTIMAS (Wu et al., 2025)

MMLU (Hendrycks et al., 2021a,b)

GPTSwarm (Zhuge et al., 2024); G-Designer (Zhang et al., 2024c); ARG-
Designer (Li et al., 2025b)

MMLU-Pro (Wang et al., 2024b)

WA4S (Nie et al., 2025)

GPQA (Rein et al., 2024)

WA4S (Nie et al., 2025)

Software Engineering

HumanEval (Chen et al., 2021)

AFlow (Zhang et al., 2024d); G-Designer (Zhang et al., 2024c);
GPTSwarm (Zhuge et al., 2024); FlowReasoner (Gao et al., 2025); SEW (Liu
et al., 2025); ScoreFlow (Wang et al., 2025¢); W4S (Nie et al., 2025); Reflex-
ion (Shinn et al., 2023); DebFlow (Su et al., 2025); EvoAgentX (Wang et al.,
2025b); MaAS (Zhang et al., 2025b)

MBPP (Austin et al., 2021)

AFlow (Zhang et al., 2024d); ScoreFlow (Wang et al., 2025¢); DebFlow (Su
et al., 2025); SEW (Liu et al., 2025); FlowReasoner (Gao et al., 2025);
W4S (Nie et al., 2025); EvoAgentX (Wang et al., 2025b)

LeetCodeHardGym (Shinn et al., 2023)

Reflexion (Shinn et al., 2023)

LiveCodeBench (Jain et al., 2024)

SEW (Liu et al., 2025); EvoAgentX (Wang et al., 2025b)

BigCodeBench (Zhuo et al., 2024)

FlowReasoner (Gao et al., 2025)

VerilogEval (Liu et al., 2023a)

VFlow (Wei et al., 2025)

Interactive Decision-Making

ALFWorld (Shridhar et al., 2020)

Reflexion (Shinn et al., 2023); DebFlow (Su et al., 2025)

Mathematical Reasoning

GSMBSK (Cobbe et al., 2021)

PromptBreeder (Fernando et al., 2024); AFlow (Zhang et al., 2024d);
ARG-Designer (Li et al., 2025b); ScoreFlow (Wang et al., 2025c); G-
Designer (Zhang et al., 2024c); EvoAgentX (Wang et al., 2025b); W4S (Nie
etal., 2025); ADAS (Hu et al., 2024); MaAS (Zhang et al., 2025b)

GSM-Hard (Gao et al., 2022)

W4S (Nie et al., 2025); ADAS (Hu et al., 2024)

GSM-Plus (Li et al., 2024a)

W4S (Nie et al., 2025)

MGSM (Cobbe et al., 2021; Shi et al., 2022)

W4S (Nie et al., 2025); ADAS (Hu et al., 2024)

SVAMP (Patel et al., 2021)

PromptBreeder (Fernando et al., 2024); W4S (Nie et al., 2025)

MultiArith (Roy and Roth, 2015)

PromptBreeder (Fernando et al., 2024)

AddSub (Hosseini et al., 2014)

PromptBreeder (Fernando et al., 2024)

SingleEq (Koncel-Kedziorski et al., 2015)

PromptBreeder (Fernando et al., 2024)

AQuA-RAT (Ling et al., 2017)

PromptBreeder (Fernando et al., 2024)

MATH (Hendrycks et al., 2021c)

AFlow (Zhang et al., 2024d); ScoreFlow (Wang et al., 2025¢); DebFlow (Su
et al., 2025); W4S (Nie et al., 2025); EvoAgentX (Wang et al., 2025b);
MaAS (Zhang et al., 2025b)

Information Retrieval

Amazon MMLU (Jin et al., 2024)

OPTIMAS (Wu et al., 2025)

STARK-PRIME (Wu et al., 2024)

OPTIMAS (Wu et al., 2025)

Finance

NCEN-QA (Zeng et al., 2023)

FlowMind (Zeng et al., 2023)
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