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Abstract

Agentic workflows, composed of multiple col-
laborating Large Language Models (LLMs),
have become a key paradigm for complex
problem-solving. However, their effectiveness
is often hindered by three critical challenges:
high manual design costs, inefficient agentic
search, and poor dynamic adaptability to new
tasks and human preferences. To address these
limitations, we propose HFlow, an evolutionary
framework for generating agentic workflows
through human-agent collaboration. HFlow
employs an evolutionary algorithm to automate
the search for optimal workflows by mutat-
ing and crossing over their structures, prompts,
and LLM backbones. This process is guided
by human preferences to ensure rapid conver-
gence, while a hierarchical experience mem-
ory enables the generalization of learned strate-
gies. Extensive experiments on math and code
generation benchmarks show HFlow surpasses
other automated baselines by up to 27.34%,
while achieving comparable performance to ol-
preview at only one-fourth of the cost. Our
work introduces a new paradigm for workflow
design that produces cost-effective and adap-
tive solutions, better aligning automated agen-
tic systems with dynamic human needs.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable potential in addressing tasks
across diverse domains like code generation
and mathematical reasoning (Shinn et al., 2023;
Romera-Paredes et al., 2024). Early forms of these
LLM-driven agentic systems operate via single-
agent paradigms, which executed predefined tasks
in a sequential, manually-defined manner (Wei
et al., 2022; Fu et al., 2022; Wang et al., 2022;
Yao et al., 2023). More recently, the field has
shifted towards a structured workflow paradigm
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composed of multiple agents, showcasing impres-
sive collaborative intelligence (Wang et al., 2023;
Khan et al., 2024; Jiang et al., 2023; Liu et al.,
2023; Chen et al., 2023b; Qian et al., 2024). These
agentic workflows, guided by human requirements,
employ automated search to decompose complex,
reasoning-intensive tasks into sub-tasks assigned
to different agents (Chen et al., 2023a; Zhuge et al.,
2024; Hu et al., 2024; Shang et al., 2024; Zhang
et al., 2024). This evolution underscores the im-
portance of agentic design, highlighting the need
for systems that can fully comprehend task require-
ments and effectively automate exploration.

Despite these advancements, the design of agen-
tic workflows faces three critical challenges, shown
in Fig. 1. First, high manual design cost: To cater to
varied human needs, agentic systems still require
manual exploration of their prompts and execu-
tion sequences. This significant human interven-
tion hinders their generalizability and scalability.
Second, inefficient agentic search: Existing auto-
mated search methods primarily rely on heuristic
approaches like Monte Carlo tree search (Zhang
et al., 2024; Li et al., 2025). These methods re-
quire prolonged, iterative feedback collection and
evaluation, resulting in high LLM API costs and
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lengthy search cycles. Third, poor dynamic adapt-
ability: Current workflow designs are largely uni-
directional. An agentic system generates a fixed
execution plan based on a complex task goal pro-
vided by a human. However, it cannot dynamically
adjust or comprehend human implicit knowledge
and preferences when encountering new environ-
ments, thus failing to efficiently leverage historical
experiences and requiring re-initialization.

These considerations raise a critical question
for the current paradigm of agentic system design:
How can we automatically optimize a set of agen-
tic workflows that are efficient, cost-effective, and
adaptive to human needs, thereby providing diverse
solutions for varied queries?

To this end, we propose HFlow, a framework
that addresses these challenges through three core
designs: 1) We employ an evolutionary algorithm
to expand the agentic search space, automating the
generation of diverse workflows through crossover
and mutation of LLMs, structures, and prompts.
2) We construct an efficient human-agent collabo-
ration framework where human preferences guide
the iterative generation of workflows, enabling a
cost-effective solution with rapid convergence. 3)
We introduce a hierarchical memory across various
modules that enables adaptation to new tasks by
leveraging accumulated experiences from diverse
problem-solving strategies.

We validate our framework on four widely-used
benchmarks spanning domains. Experimental re-
sults demonstrate that our method outperforms
other automated baselines by 4.63%~27.34%,
while achieving comparable performance to ol-
preview model at only one-fourth of the cost. Fur-
thermore, our approach exhibits a steeper search
trajectory, discovering high-performance agentic
designs in fewer iterations. We also investigate the
impact of different forms of human feedback on
the evolutionary generation of workflows and prove
the beneficial role of this collaborative approach.
Ablation validates hierarchical experience memory.

Our contributions are summarized as follows:

* New Paradigm. We introduce a new
paradigm for agentic workflow design, an evo-
lutionary process driven by human-agent col-
laboration. This treats human preferences as
key guiding signals, explicitly framing work-
flow generation as an optimization problem
aimed at efficiently and cost-effectively satis-
fying dynamic human needs.

* Practical Framework. We propose HFlow,
a novel framework that automates workflow
generation. HFlow utilizes an evolutionary al-
gorithm guided by human feedback and a hier-
archical experience memory to autonomously
evolve diverse agentic workflows.

* Comprehensive Evaluation. We empirically
demonstrate that HFlow is: (I) Effective, out-
performing baselines by up to 27.34%; (II)
Economical, achieving performance compa-
rable to the expensive ol-preview model at a
fraction of the cost; and (III) Adaptive, capa-
ble of evolving workflows to complex struc-
tures based on the guidance.

2 Related Work

2.1 Agentic Workflow Methods

Foundational work in agentic systems includes
manually-defined workflows (Wu et al., 2024;
Li et al., 2023; Hong et al., 2023), established
paradigms for complex problem-solving through
structured agent collaboration. These frameworks
rely on manual design of agent roles, communica-
tion protocols, and workflow logic. Researchers
then seek to partially automate agent design (Khat-
tab et al., 2023; Yuan et al., 2024; Zhuge et al.,
2024). More recent efforts have shifted towards
end-to-end automated workflows. These systems
treat agent design as a search problem over a mod-
ular design space (Zhang et al., 2024; Hu et al.,,
2024; Shang et al., 2024), enabling the automated
discovery of entire configurations. However, the
common limitations are the failure to account for
dynamic preferences in real-world scenarios, lead-
ing to costly and time-consuming iterations.

2.2 Learning from Accumulated Experience

An agentic system enables to learn from past ex-
periences. Rather than solving each new problem
from scratch, this paradigm involves creating and
maintaining a persistent knowledge base of effec-
tive solutions. These methods build a repository of
successful components (Wang et al., 2024; Romera-
Paredes et al., 2024; Novikov et al., 2025; Li et al.,
2025). These methods typically treat the experi-
ence memory as a task-specific repository. They
lack a hierarchical management to isolate different
types of knowledge, thereby limiting the transfer-
ability of experience across diverse contexts.
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2.3 Human-Agent Collaboration

Human-Agent Collaboration (HAC) leverages the
synergy between users and agents for complex
problem-solving. A key aspect of HAC is the
human’s role in providing personalized guid-
ance (Wang et al., 2021). Rather than simply pro-
viding a final answer, the human guides the agent’s
reasoning process by expressing preferences, such
as a desire for workflow simplicity over complexity,
and correcting reasoning steps to better align with
their unique intent. To overcome high costs and
scalability limitations of direct human involvement,
a strategy involves using powerful oracle models to
act as proxies for human feedback (Caetano et al.,
2025; Feng et al., 2024; Don-Yehiya et al., 2025).

3 Preliminary

3.1 Problem Formulation

Agentic Workflow. Following AFlow (Zhang
et al., 2024), we define an agentic workflow W
as a directed acyclic graph, W = (N, &), where
nodes N' = {Ny, N, ..., N, } represent concrete
operations and edges £ define the data flow. Each
node NN, is an operator, which is a specific, exe-
cutable implementation characterized by the LLM
M it invokes, the input prompt P provided to
the model, and its parameters 6 (e.g., tempera-
ture). Thus, an operator node can be represented as
N; = (M;, P;, 0;). The structure of the workflow,
defined by the edges &, shows the graph topology
represented in Fig. 2.

Human-Agent Collaborative Evolution. Tra-
ditional automated workflow optimization seeks
a single optimal workflow W* that maximizes a
static evaluation function G for a given task 7"
W* = argmaxycs G(W,T), where S is the
entire search space of possible workflows. This
formulation is insufficient for complex problems
where human preferences, performance, and cost
trade-offs are critical.

We reformulate the problem as a workflow evolu-
tion process guided by human-agent collaboration.
The objective is not to find a single W*, but to
evolve a population of diverse and effective work-
flows W*, that continuously adapts to human feed-
back. Given a set of tasks 7" and a human feedback
mechanism H, the goal is to find the workflow
that maximizes a unified objective function which
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Figure 2: Visualization of Notations in HFlow.

incorporates both utility and cost, formulated as:
W* = argmax (uW, H,T) — A - c(W,T))
W € ShFiow
= arg max (pOV,T) + h(OW,T) — X - c(W,T)) (1)

W € ShFiow
where u(-) is a composite utility function that mea-
sures a workflow’s overall quality by combining its
performance p(-) with preferences h(-), c(-) evalu-
ates the system LLM API cost, and )\ is a balancing
coefficient that controls the trade-off between max-
imizing utility and minimizing cost.

3.2 HFlow Search Space

To manage the immense complexity, we define
the workflow search space S. A complete agentic
workflow W is a combination of its structure and
the set of its operator nodes. The full search space
Striow 18 thus the set of all possible workflows,
composed of structure space and operator space:

SHF]OW - {(N, 5) | N € Sop, E € Sstruct}
={WN,&) | N; = (M;, P;,0;), M; € M, )
P, eP,0, €0,ECN XN}

Sstruct 18 the space of all valid workflow topologies,
defined by the set of edges £. Evolution in this
space optimizes the high-level strategy and data
flow. Concurrently, the operator space S, is the
space of all possible operator configurations, where
each operator V; is a tuple (M, P;, 0;), and evo-
lution in this space optimizes the low-level tactics
by finding the best LLM, prompt, and parameters.

The overall evolutionary process is driven by
HFlow framework, which explores the full search
space to find a set of optimal workflows that maxi-
mizes the objective:

W* = HF]OW(SHHOW, H, T) (3)

4 HFlow Framework

4.1 HFlow Overview

HFlow begins by creating an initial population of
workflows among the operator and structure search
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Figure 3: Overview of HFlow framework.

spaces. As new tasks are introduced, the system
selects the most relevant parent workflows based on
a similarity score of the profiles. These parents then
undergo genetic operations, crossover & mutation,
to generate a new child workflow. The performance
of this child is evaluated through a human-agent
collaboration feedback mechanism, which provides
a rich signal encompassing performance, cost, and
qualitative insights. Finally, the system updates
its workflow populations and hierarchical memory
modules based on this feedback, ensuring that the
population continuously improves over time, as
Fig. 3 and Algorithm 1 illustrate.

4.2 Population Initialization

The evolutionary process commences by seeding
the structure pool Ps¢ryct and the operator pool
Pop. The operator pool is populated with a di-
verse set of fundamental implementations for com-
mon operator types, such as CoT (Wei et al., 2022),
Reflexion (Wang et al., 2022),Ensemble (Jiang
et al.,, 2023), Test (Zhong et al., 2024), and
Custom, etc, each with different models, prompts,
and parameters.

Po(g) = {NC0T7 NReflexion, BRI NCustom}' (4)

Notably, the operator pool is denoted as a finite
set. During the evolutionary process, Pég) is dy-
namically expanded with new operators. Moreover,
each operator NV can be individually configured

with customized node settings.

The structure pool is initialized with a set of
basic workflow topologies representing common
patterns like linear sequences, generate-and-review
loops. To facilitate adaptation to relevant domains,
we assign each structure a set of profile labels,
indicating the likely areas of application where
a structure excels. This can be formalized as:
Forofite(Ek) = {Tk1, Th2, - - -, ki . Here, 7y; rep-
resents the i-th profile label for structure &, and
Forofile 18 an LLM-based classifier function that
generates labels based on the structure’s function-
ality. Formally, we initialize the structure pool:

Ps('?r)uct =

{57'1757'27"'787'N}3 (5)

The initial population P© is formed by a set
of base structure topologies with concrete operator
configurations drawn from the operator pool:

PO = Wi, Wa, ..., Wn}, (©6)

where N is the population size. This initial popula-
tion P(9) serves as the starting point.

4.3 Retrieval-Based Selection

For query ¢;, HFlow selects a subset of K parent
workflows from current P(®) that are most relevant
to the task. This selection is performed via label-
based retrieval, where relevance score S(W;|g;) is
computed based on the cosine similarity between
query and workflow’s descriptive profile labels.

V(ri) - V(gr)

SOVilae) = STV (ol

@)
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where V(-) is an embedding function that maps
text to a vector representation. The top-K work-
flows are chosen as parents for the next stage. This
targeted selection strategy ensures that children are
generated from individuals already specialized for
similar tasks, improving search efficiency.

4.4 Crossover & Mutation Expansion

Expansion aims to generate novel children through
crossover and mutation applied to the selected par-
ents based on existing experiences. This will mod-
ify or create both the high-level structure and the
low-level operator.

Crossover. This operation generates a child
workflow by combining the characteristics of
multiple parent workflows. After identify-
ing the K most suitable parents from the
population {W,..., Wk}, they are passed to
the crossover function to generate a child:
Fcrossover(Wh Wa,..., WK) Wenila.  Here,
Wenila represents the newly generated workflow.
The crossover function, Ferossover, 1S facilitated by
an LLM designed to merge the structural and op-
erational traits of the parents. To further enhance
population diversity, this child then undergoes a
series of mutation operations.

Structure Mutation. Guided by structural pref-
erences from the memory pool, 7(+) alters the
workflow topology £ by adding or removing nodes
or edges. This allows for the targeted evolution of
entirely new strategic approaches.

Prompt Mutation. The prompt P of an operator
is refined by 7, (-). Drawing on successful prompt
formulations in the experience pool, this can range
from simple modifications to sophisticated rewrit-
ing of the prompt.

LLMs Mutation. The LLM models M of an
operator is modified by 7;(-), guided by the model
performance and cost in the experience pool. This
involves swapping the current LLM for another,
including leading closed-source and open-source
models. This workflow is then denoted as W/, ...

4.5 Evaluation via Human-Agent
Collaboration

New children introduction presents the challenge
of designing an efficient mechanism that evolves
the population towards higher diversity, preference,
and performance. While prior works often struggle

Algorithm 1: Evolving Agentic Workflow by HAC

Input: Initial pools PD(S >, Pi?r)uct, Twain, N, K

Output: Well-evolved workflow population Pinal
1: P(O) = {W17 W2a s 7WN} A {Ps(?r)ucta Po(?, N}
2: Tnitialize memory: {M ) ., MD, M}
3: for each task g in Tiain do

4: {Wl,Wz,...,WK} <

arg maxp,: —pt Y yepr S(W/qt) by Eq. 7
[P/ |=K

5 Wchild <~ Fcrossover({wl, W27 cee 7WK})

6:  Wepiig = ms(-) Ump(-) Um(:)

7: Peandidate < PO U {Whia}

8:  for each W; in P andidate dO

9: Execute W; on query g

10: Obtain human feedback:

11: {HstmclyHOpaHLLM} — Fhuman(Wi7Qt)

12: Update cumulative metrics for W;:

13: pe(Wi) <= (D1 (Wi)(ne — 1) + pr(Wi, 1)) /e
14: ht(Wz) < (ht_l(Wi)(TLt — 1) + ht(Wi,Qz))/nt
15: a(Wi) « @—1(Wi)(ne — 1) + cc(Wi, qv)) [ma
16:  end for

17: if |Pcandidale| > N then

18: Waorst = argmaxyyep, . F(W) by Eq. 9
19: P(t+1) 4 Peandidate \ {Wworst}

20:  else

21: P(t+1) <~ Pcandida(e

22:  endif

23:  Update memory: {M D MUY pmEFY
24: end for
25: return P+

with escalating costs and complexity with low effi-
ciency (Zhang et al., 2024; Li et al., 2025; Shang
et al., 2024; Chen et al., 2023a), we integrate an
evaluation method centered on human-agent col-
laboration. This method is engineered to leverage
human feedback as a guiding signal for the itera-
tive evolution of workflows, achieving rapid con-
vergence towards the objective.

Multi-Objective Metrics. To assess the qual-
ity of a workflow W, we apply three core met-
rics. The first is the performance score, denoted as
p(+), which provides a success measure of a veri-
fiable task. This is complemented by the human
preference score h(-) as well as various types of
feedback f(-), formally defined by the function
Fhuman(W, ¢¢). Finally, the cost, ¢(+), accounts for
resource consumption (e.g., API usage).

To ensure a stable assessment, we maintain cu-
mulative metrics over time. For W; on query ¢, its
cumulative records are updated as follows:

PeWi) = (Be—1(Wi) - (e — 1) + Wi, qt)) /ne,  (8)

where n; is the total number of times workflow W,
has been evaluated at iteration ¢. The term p;_1
represents the cumulative performance scores from
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the previous iteration. The updates for hs (W) and
¢:(W) follow the same formulation.

Evolution Mechanism. To maintain the popula-
tion size, we employ a fitness assignment scheme
based on Pareto dominance of the multi-objective.

Each workflow W is represented by its objective
vector (p(W), h(W),e(W)). A workflow W is
said to dominate W, if it is no worse than V5 on
any objective and strictly better on at least one.
The fitness F'(W) used for survival selection is
then calculated based on these relationships:

FW) = > exp (M) )

<P ° Imax
WeP O UW! g

where P is the set of competing workflows. The
term I(W', W) is a dominance indicator function
that returns a positive value if V' dominates WV, a
negative value if ¥V dominates ', and zero oth-
erwise. Ipax 1S the maximum absolute indicator
value, and ¢ is a scaling factor.

A smaller fitness value indicates a superior in-
dividual that dominates its peers. Consequently,
the workflow with the largest fitness value is elim-
inated. We prioritize Pareto optimization over
weighted sums as agentic workflows inherently in-
volve conflicting objectives, such as performance
versus cost. While weighted sums require manual
tuning of hyperparameters that generalize poorly
across varying task difficulties, Pareto optimiza-
tion preserves a Pareto front of diverse optimal
trade-offs. This mechanism prevents premature
convergence to local optima and maintains a robust
gene pool for subsequent crossover and mutation,
ensuring the population explores a wide range of
cost-effective solutions.

4.6 Hierarchical Experience Memory

To enable long-term learning, HFlow incorporates
a hierarchical experience memory that acts as an
active retrieval tool to guide workflow evolution
across three stages: (1) Initialization, where pro-
file similarity is used to retrieve Top-K successful
structures as parents; (2) Mutation, where memory
directs the selection of successful templates and op-
timal LLM backbones; and (3) Population Update,
where performance metrics and human preferences
are written back to refine future retrievals.

Structure Preference Memory. Mgt yct tracks
historical performance of architectures by storing
triplets (Wi, ¢;, Hgtruct), Where Hggryer Tepresents

human feedback, including quantitative preference
scores and qualitative analysis. During initializa-
tion and structure mutation, the system retrieves
high-performing templates from this pool to steer
the search toward proven architectural patterns.

Prompt Preference Memory. M, records the
triplets (W, ¢, H. Op), where H,, evaluates the con-
tribution of specific prompts to task success and
human feedback for the individual operators. Dur-
ing the expansion phase, this memory provides
successful prompt variants, allowing the system to
reuse this logic across similar task types.

LLMs Experience Memory. M,y monitors the
performance of specific LLMs within different op-
erator contexts, storing correctness and cost metrics
Hipm. In the mutation stage, the system queries
this memory to intelligently select the most cost-
effective backbone.

S Experiments

5.1 Experiment Setup

Baselines. We compared manually-defined and
automated workflows. The former include Single-
Agent Methods like direct Vanilla, Chain-of-
Thought (Wei et al., 2022), ComplexCoT (Fu
et al., 2022), Self-Consistency (Wang et al., 2022),
and Multi-Agent Methods like LLM-Debate (Du
et al., 2023), LLM-Blender (Jiang et al., 2023), Dy-
LAN (Liu et al., 2023), AgentVerse (Chen et al.,
2023b), and MacNet (Qian et al., 2024). Au-
tomated workflows include AutoAgents (Chen
et al., 2023a), GPTSwarm (Zhuge et al., 2024),
ADAS (Hu et al., 2024), AgentSquare (Shang
et al., 2024), AFlow (Zhang et al., 2024), and
MASS (Zhou et al., 2025).

Datasets. Our experiments investigate the mathe-
matical, coding, and reasoning capabilities. For
math, we utilize GSM8K (Cobbe et al., 2021)
and MATH (Hendrycks et al., 2021), with perfor-
mance evaluated by solve rate. For code genera-
tion, we employ HumanEval (Chen et al., 2021)
and MBPP (Austin et al., 2021), measured by the
pass@1 metric. For the embodied Al domain, we
utilize ALFWorld (Shridhar et al., 2020), evalu-
ated based on its success rate. All datasets were
partitioned into train and test sets at a 1:4 ratio. Fol-
lowing the setup in the work (Hong et al., 2024),
we retained only the Level 5 difficulty problems
from the MATH dataset.
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Category  Method HumanEval MBPP ALFWorld GSMS8K MATH Avg.
Vanilla (Direct Inference) 87.08 71.83 39.89 87.45 46.29 66.50
Single CoT (Wei et al., 2022) 88.13 71.83 39.92 87.10 46.40 66.68
Agent ComplexCoT (Fu et al., 2022) 87.49 72.36 41.68 86.89 46.53 66.99
Self-Consistency (Wang et al., 2022)  88.60 73.60 40.55 87.57 4791 67.65
MultiPersona (Wang et al., 2023) 88.32 73.19 39.10 87.50 45.43 66.71
LLM-Debate (Khan et al., 2024) 88.68 70.29 44.68 89.47 48.54 68.33
Multi LLM-Blender (Jiang et al., 2023) 88.80 77.05 43.79 88.35 48.92 69.38
Agent DyLAN (Liu et al., 2023) 90.42 77.30 53.32 89.98 48.63 71.93
AgentVerse (Chen et al., 2023b) 89.29 74.28 45.03 89.91 47.35 68.77
MacNet (Qian et al., 2024) 84.57 65.28 43.66 87.95 45.18 65.33
AutoAgents (Chen et al., 2023a) 87.64 71.95 46.15 87.69 45.32 67.75
GPTSwarm (Zhuge et al., 2024) 89.32 77.43 53.19 89.14 47.88 71.39
Automated  ADAS (Hu et al., 2024) 84.19 68.13 47.66 86.12 43.18 65.86
Workflows  AgentSquare (Shang et al., 2024) 89.08 78.46 66.42 87.62 48.51 74.02
AFlow (Zhang et al., 2024) 90.93 81.67 59.16 91.16 51.28 74.84
MASS (Zhou et al., 2025) 91.67 86.50 - - - -
HFlow (Ours) 91.71 84.02 67.23 94.03 57.20 78.84

Table 1: Performance of all methods across five datasets. Only MASS methods utilize the Gemini-1.5 Pro series for
evaluation. To maintain consistency, GPT-40-mini serves as the foundational model of HFlow and the other baseline
methods. The best results are shown in Bold and the runner-ups are in underline.

Implementation Details. Our experiments uti-
lize Claude-3.5-Sonnet, GPT-40-mini, DeepSeek-
V2.5, Qwen-2.5-72B, and Llama-3.1-70B for node
configuration, workflow generation, and answer
synthesis. To balance cost and precision, we em-
ploy a human oracle powered by GPT-40 to simu-
late collaboration. This oracle integrates insights
from three human experts and an automated agent,
the latter being continuously calibrated against ex-
pert judgments to ensure fidelity. For evaluation,
workflows are first evolved on the training set. Dur-
ing testing, the optimal workflow is dynamically
selected for each task based on label embedding
similarity retrieval. Reported metrics represent the
average performance generated by the optimally
selected workflow for each test task after respective
retrieval-based selection.

5.2 Overall Performance

HFlow achieves superior results across all
benchmarks, demonstrating a 12.34% improve-
ment in average accuracy. In Table 1, we present
a comparative analysis of HFlow against 16 base-
lines. For math datasets, HFlow exhibits significant
performance gains compared to Vanilla, achiev-
ing a 6.58% and 10.91% increase, respectively.
HFlow’s notable advantage in challenging MATH
underscores its exceptional ability to tackle com-
plex problems. On HumanEval datasets, HFlow’s
improvement over other baselines is less signif-
icant; a potential reason is that the base models
already exhibit strong performance, thereby nar-
rowing the scope for further enhancement. How-
ever, it is worth noting that while the latest MASS

method is not open-source, our comparison with
its reported results reveals that HFlow outperforms
MASS (driven by Gemini-1.5-pro) on HumanEval,
despite HFlow utilizing a much lighter backbone
(GPT-40-mini). In contrast, on the more challeng-
ing embodied task ALFWorld, HFlow achieves a
remarkable 67.23% success rate, surpassing the
Vanilla baseline by a substantial 27.34%. This
significant margin demonstrates that for high-
complexity, multi-step tasks, HFlow’s automatic
feedback mechanism is far more effective than
single-agent systems or static workflows.

5.3 Cost Analysis

HFlow achieves leading performance while
maintaining superior cost-efficiency. As illus-
trated in Table 2, HFlow outperforms DyLAN
and AFlow, achieving results comparable to ol-
preview at one-fourth of the cost. While HFlow
incurs higher costs than vanilla baseline, this is a
strategic trade-off justified by three key factors: (1)
Performance Gains: The increased cost translates
directly into capability, yielding up to a 27.34%
improvement and solving complex reasoning prob-
lems where a single agent fails. (2) Relative Effi-
ciency: Benchmarked against the closed models
like ol-preview, HFlow proves highly economi-
cal. (3) One-Time Cost: Our evolutionary search
is a one-time investment; once optimal workflow
is discovered and stored in hierarchical memory,
it is reused for subsequent inference, amortizing
the cost over long-term deployment. Furthermore,
this efficiency is bolstered by our human-agent col-
laboration and dynamic LLM switching, which
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MATH MBPP

Method Cost ($)  Acc Cost ($)  Acc

ol-preview 7.84 70.20 3.21 89.65
Vanillagueny ~ 0.03  63.80 001  69.76
Vanilla jama) 0.02 31.93 0.01 65.11
DyLAN,,.,, 1686  64.17 879 7563
DYLAN, 1199 38.19 678  69.92
AFlowgueny 395  66.38 160  80.84
AFlow (Liama) 1.96 36.97 0.74 67.42
HFlow 2.11 68.32 0.67 84.75

Table 2: Cost and accuracy comparison. Qwen and
Llama refer to Qwen2.5-72B and Llama3.1-70B. HFlow
automatically selects backbones, with costs representing
LLM API expenditures across training and inference.

Method MATH MBPP
w/o feedback 48.51 74.27
w/ random feedback 45.23 76.50
w/ wrong feedback 42.17 70.21
w/ score 50.42 79.59
w/ score + summary 52.67 83.14
w/ score + reason 54.62 83.63
w/ multiscore + summary ~ 55.44 83.45
w/ multiscore + reason 57.20 84.02

Table 3: Ablation study of different feedback settings on
MATH and MBPP. The best results are shown in Bold.

minimize redundant iterations and optimize model
selection based on task complexity.

5.4 Evolution Efficiency

HFlow demonstrates the most rapid increase
on the MATH and ultimately achieves the best
performance. In Figure 4, we compare the per-
formance of AFlow and HFlow across iterations.
HFlow converges faster and secures the highest fi-
nal solve rate, which can be attributed to its human-
agent collaboration design and experience mem-
ory. The human oracle model provides high-quality
guidance during the training iterations, leading to a
more direct convergence path at the beginning. Be-
sides, the experience memory fosters a cumulative
learning effect, ensuring that the evolutionary pro-
cess is consistently steered in a beneficial direction,
thus further improving final convergence.

5.5 Feedback Impact

Accurate feedback is crucial for steering
HFlow’s evolutionary trajectory toward opti-
mal workflows. As shown in Table 3, the ab-
sence of feedback results in a nearly 10% accu-
racy drop. Notably, HFlow exhibits high sensi-
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Figure 5: Ablation study of HFlow components.

tivity to feedback quality: introducing wrong or
random feedback degrades performance even be-
low the baseline. This proves that HFlow actively
learns from human signals rather than relying on
random exploration. Furthermore, feedback gran-
ularity significantly impacts efficiency; a reason-
style feedback that includes error identification and
actionable suggestions provides clearer optimiza-
tion direction than one-sentence summaries. Con-
sequently, HFlow achieves its peak performance
when utilizing fine-grained multi-score feedback.

5.6 Ablation Study

HFlow’s performance significantly degrades
without any of the layers in our hierarchical ex-
perience memory—the prompt preference pool,
the structure preference pool, or the LLMs ex-
perience—as shown in Fig 5. Among these, the
absence of LL.Ms experience has the most signifi-
cant impact, followed closely by the structure pref-
erence pool. This suggests that selecting the ap-
propriate LLM for a sub-task and defining a robust
high-level workflow architecture are the most criti-
cal factors for success.

6 Conclusion

In this paper, we explore and demonstrate the value
of human-agent collaboration for optimizing agen-
tic workflows on complex tasks, addressing prob-
lems like high design cost, inefficient search, and
poor adaptability. We propose HFlow, an evolu-
tionary framework that leverages human prefer-
ences to guide the search over workflow structures,
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prompts, and LLMs. This approach not only estab-
lishes a new, cost-effective paradigm for building
adaptive agentic systems but also delivers superior
performance, surpassing baselines by up to 27.34%
and achieving comparable performance to the ol-
preview model at only one-fourth of the cost.
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Limitations

In HFlow, we rely on a hybrid of human experts
and a calibrated LLM model for scalability. While
effective, we acknowledge that this LLM agent may
not fully capture the diversity of real-world user
feedback. We will address this limitation by con-
ducting large-scale human studies in future work
to validate our framework’s generalizability.
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