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Abstract

Autonomous agents play a crucial role in advancing Artificial
General Intelligence, enabling problem decomposition and
tool orchestration through Large Language Models (LLMs).
However, existing paradigms face a critical trade-off. On one
hand, reusable fixed workflows require manual reconfigura-
tion upon environmental changes; on the other hand, flexi-
ble reactive loops fail to distill reasoning progress into trans-
ferable structures. We introduce Hierarchical Variable Agent
(HiVA), a novel framework modeling agentic workflows as
self-organized graphs with the Semantic-Topological Evolu-
tion (STEV) algorithm, which optimizes hybrid semantic-
topological spaces using textual gradients as discrete-domain
surrogates for backpropagation. The iterative process com-
prises Multi-Armed Bandit-infused forward routing, diagnos-
tic gradient generation from environmental feedback, and co-
ordinated updates that co-evolve individual semantics and
topology for collective optimization in unknown environ-
ments. Experiments on dialogue, coding, long-context Q&A,
mathematical, and agentic benchmarks demonstrate improve-
ments of 5% to 10% in task accuracy and enhanced resource
efficiency over existing baselines, establishing HiVA’s effec-
tiveness in autonomous task execution.

Code — https://github.com/tangjzh/HiVA

1 Introduction
The pursuit of general-purpose autonomous agents, which
are capable of independently solving complex, open-ended
tasks, represents a central goal of artificial intelligence. (Ye
et al. 2025; Webb, Holyoak, and Lu 2022; Raman et al.
2025) Large Language Models (LLMs) have emerged as a
powerful backbone for such agents, enabling them to de-
compose goals, plan actions, and invoke tools through natu-
ral language reasoning. (Li 2025) However, despite the suc-
cess of LLM-based agents in applications such as automated
software development and scientific discovery, their un-
derlying multi-agent coordination paradigms remain funda-
mentally limited. (Jimenez-Romero, Yegenoglu, and Blum
2025; Zhang et al. 2025f)

*Equal contribution
†Corresponding author

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Existing frameworks can be broadly categorized into two
categories: (1) Manually-designed workflows, which rely on
fixed, structured agent interactions to complete tasks. While
these offer modularity and reuse, they suffer from poor gen-
eralization to unseen task formats. (Qin et al. 2022; Hu
et al. 2025)(2) Reactive agent loops (e.g., ReAct (Yao et al.
2023), AutoGPT (Yang, Yue, and He 2023)), which exe-
cute task solving as a sequence of language-based deci-
sions. While more adaptable, these reactive agents fail to di-
rectly reuse reasoning patterns or continually improve them-
selves in dynamic environments (Mialon et al. 2023; Xi
et al. 2023). Though recent efforts have introduced mech-
anisms to optimize either agent behaviors or routing strate-
gies (Zhang et al. 2025a; He et al. 2024), they largely treat
the coordination structure and semantics as independent.
These approaches focus on incremental adaptation, i.e., tun-
ing prompts, sampling structures, or adjusting routes from
predefined templates, without a convincing mechanism to
explore how LLMs can spontaneously build a complex
from a singleton (Guo et al. 2024). We argue that general-
purpose agents should be evolutionary systems for dynamic
environments: they must learn not only (1) what each agent
should do (i.e., semantic behavior), but also (2) how agents
should interact and organize (i.e., structural topology). This
motivates our central question: Can a multi-agent system
evolve both its internal semantics and collaborative struc-
ture from ZERO to achieve scalable, adaptive, and self-
organized intelligence across diverse tasks?

To this end, we propose Hierarchical Variable Agent
(HiVA), a novel multi-agent framework based on the
Semantic-Topological Evolution (STEV) algorithm. In
HiVA, the coordination structure is modeled as a dynamic
computational graph, and each agent is represented as a
configurable LLM module. Optimization occurs in a hy-
brid space that consists of: (1) a semantic space for learn-
ing agent-level behaviors (e.g., prompts, tool configura-
tions) (Yuksekgonul et al. 2025), and (2) a topological space
that encodes which agents are connected and how informa-
tion flows among them (Zhou et al. 2025). Each optimiza-
tion round in HiVA involves three steps: (1) a Forward Pass,
where a task is routed through a dynamically constructed
subgraph of agents; (2) a Textual Gradient Feedback, where
language-based diagnostics are generated based on the envi-
ronmental feedback to approximate gradient-like signals for
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Figure 1: Semantic-Topological Evolution from Singleton to Self-organized Complex Agents. We explore how Large Lan-
guage Models, when deployed in feedback-rich environments, can spontaneously form increasingly complex cognitive roles to
refine their decision-making and tool use. Starting from a single agent with basic capabilities, HiVA fosters gradual evolution
through semantic refinement and topological reconfiguration. Agents adapt to feedback-derived gradients from environmental
interactions and develop into specialized yet interconnected sub-agents, thereby forming a complex system.

optimization in a non-differentiable space; and (3) a Coor-
dinated Update, where each agent adjusts both its internal
semantic parameters and its structural links to other agents.
This loop enables HiVA to progressively refine its capabil-
ities and collaboration structure across tasks, resulting in a
self-optimizing, specialized multi-agent system. Experimen-
tal results across diverse benchmarks show that HiVA gener-
ally outperforms static workflows, reactive loops, and main-
stream multi-agent optimization algorithms, achieving bet-
ter transferability and greater efficiency.

Our contributions are threefold: (i) We propose HiVA, the
first framework to unify semantic and structural evolution
from a singleton in LLM-based multi-agent systems; (ii) We
introduce Semantic-Topological Evolution, a general princi-
ple for co-evolving agent behavior and collaboration; and
(iii) We design a dynamic routing and update mechanism
based on bandit exploration and textual gradients.

2 Related Works
LLM-Based Multi-Agent Systems Multi-agent systems
(MAS) powered by Large Language Models (LLMs) ex-
cel at complex tasks like software development and scien-
tific discovery (Junda He 2025; Su et al. 2025; Li, Zhang,
and Safara 2023; Zhang et al. 2025d; Sheng 2025). Recent
works like ReAct (Yao et al. 2023) and AutoGPT (Yang,
Yue, and He 2023) emphasize the reasoning and long-term
planning capabilities of LLM-driven MAS, while lacking
the potential for scalability through reproducing their chain-
of-thought (CoT). MetaGPT (Hong et al. 2024) uses shared
message pools, and DyLAN (Liu et al. 2023) employs
layered communication to boost efficiency. However, their
static workflows limit adaptability to novel tasks. In con-
trast, our HiVA framework can dynamically evolve, thereby
enhancing flexibility and scalability.

Dynamic Self-Improvement Mechanisms Dynamic self-
improvement mechanisms enable agents to adapt through
feedback. Existing approaches can be categorized into two
paradigms: the first involves text-based optimization meth-

ods, including both single-agent semantic (Zhang et al.
2024) and multi-agent collaborative optimization (Liang,
Xu, and Dong 2025); the second employs reinforcement
learning approaches for agent improvement (Guo et al.
2025). In contrast, HiVA enables co-evolution of agent pa-
rameters and topology from a singleton, achieving effective
test-time-scaling for diverse tasks and scenarios.

Hierarchies and Topological Optimization Hierarchical
structures and topological optimization enhance MAS ef-
ficiency. MetaGPT (Hong et al. 2024) and MASAI (Wad-
hwa et al. 2024) streamline workflows with modular de-
signs. MASS (Zhang et al. 2025b) proposes a Multi-Agent
System Search for prompt and topology optimization. G-
designer (Zhang et al. 2025c) uses graph neural networks for
topology optimization without semantic integration. HiVA’s
Bayesian-driven hierarchical evolution enables better mod-
eling of individuals in self-organized MAS.

3 Methodology
This paper introduces HiVA (Hierarchical Variable Agent),
a novel framework designed to address the problem of adap-
tive task-flow optimization in Multi-Agent Systems (MAS).
The core idea is to formulate this optimization problem as
a process of generalized gradient descent within a Hybrid
Space, which is constituted by both a semantic space and a
topological space. The theoretical cornerstone of our work
is the Semantic-Topological Evolution (STEV) algorithm,
as illustrated in Figure 1, which enables optimization in the
discrete and non-differentiable space of agentic graphs. Our
STEV algorithm facilitates the simultaneous co-evolution of
agents’ internal parameters (semantics) and their collabo-
rative structures (topology) by introducing Textual Gradi-
ents as a substitute for traditional gradients, combined with
knowledge-aware dynamic computation graph construction.

3.1 Semantic-Topological TextGrad
We define a complete solution for a multi-agent system as a
point s within a hybrid space S = G × PΘ, where G is the
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Figure 2: Evolving mechanism of Hierarchical Variable Agent in a single iteration. Driven by the goal, HiVA decomposes
evolution into two stages: forward and backward propagation. In the forward pass, each agent in G utilizes KABB to select
relevant successors and generate instructions for them. The aggregator then uses specific tools (e.g., RAG) to access MAS
context and generate final answers. In the backward pass, each agent receives feedback from its successor (notably, aggregator
receives feedback from the environments) and evolves their semantics (prompts and tools) and topologies with four options: (a)
add a successor, (b) delete a successor, (c) connect directly to the aggregator, and (d) do nothing.

space of graph topologies and PΘ is the space of semantic
parameters Θ. The optimization objective is to find a solu-
tion s∗ that minimizes a black-box objective function L(s).

s∗ = argmin
s∈S
L(s)

This optimization is non-trivial, as the discrete and non-
Euclidean nature of S renders the traditional gradient ∇sL
ill-defined. To navigate this, we introduce the Textual Gra-
dient (Yuksekgonul et al. 2025) as a functional substitute.
We operationalize it using a Textual Gradient Parser, im-
plemented via an LLM, which translates raw textual feed-
back into a structured update instruction, ∆st. The parser
diagnoses whether the gradient applies to an agent’s seman-
tics or its topology, generating a corresponding command for
either the semantic evolution function (fP ) or the topologi-
cal evolution function (fG). This reframes the optimization
as a Generalized Gradient Descent process, with an update
rule st+1 ← st⊕∆st, where the parsed gradient guides tar-
geted updates across the hybrid space.

3.2 The Environment: Oracle and Adversary
The interaction space for our optimization problem is de-
fined by the Environment, Eenv. Formally, the environment
is a function that accepts the system’s final output, Sout =
s(Itask), and returns a potentially complex outcome or feed-
back. The environment plays a crucial dual role.

First, it acts as an oracle, providing the ground-truth feed-
back necessary for learning. The textual loss required for op-
timization is computed by an objective function L that maps
the environment’s rich dynamics driven by s to a explainable
signal: L(s) = L(Eenv(s(Itask))).

Second, the environment acts as an adversary, defining
the complexity and challenge of the task space. The robust-
ness and adaptability of a solution s are measured by its

ability to consistently achieve low loss across the distribu-
tion of problems posed by Eenv. The nature of Eenv can vary
widely, encompassing: (a) programmatic environments with
verifiable outcomes (e.g., code compilation, unit test exe-
cution); (b) data-driven environments where feedback is de-
rived from metrics on a held-out dataset (e.g., QA); (c) agen-
tic environments that provide interactive simulators or inter-
faces (e.g., browser, game, IDE); and (d) mathematical envi-
ronments where feedback is qualitative text from a verifiable
math evaluator (e.g., Lean). A successful optimization must
yield a solution robust to the specific challenges of its target
environment.

3.3 The Iterative Optimization of HiVA
The optimization process in HiVA is an iterative loop driv-
ing the solution st = (Gt,Θt) toward a minimum of the
objective function, as illustrated in Algorithm 1. Each itera-
tion consists of a coupled forward and backward pass. The
function RepairTopology(·) removes isolated nodes and pre-
vents cycles; more details can be found in the Algorithmic
Details section of the Appendix.

The Forward Pass, as shown in Algorithm 2, probes the
potential of the current solution st. It employs a dynamic
routing mechanism to construct a task-specific execution
subgraph Gexec,t, culminating in the generation of a final out-
put Sout,t.

This output is then subjected to the Loss Evaluation
phase. It is passed to the environment, Eenv, and the resulting
outcome is mapped to a textual loss:

Lt = L(Eenv(Sout,t)).

The lossLt triggers the Backward Pass. The process begins
by estimating a global textual gradient at the sink point va
of G based on the environmental feedback. This gradient is
then decomposed and propagated via a textual chain rule to
each participating node, yielding localized textual gradients.
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Algorithm 1: SEMANTIC-TOPOLOGICAL EVOLUTION

Definitions:
Agent vi ∈ V: Entity with prompt pi, tool τi, mapping in-

struction xi to output yi.
Aggregator va: Aggregates outputs.
Network G: DAG with source vs and sink va.

Input: Instruction x0, environment function Eenv.
Output: Optimized G, result y.
Initialize: Create vs ( ps, ts), connect vs → va.
for t = 1 to T do

Forward: Execute FORWARDPASS(G, x0)
Loss: Lt ← L(Eenv(y)),∇textLt ← LLM(y,Lt)
Backward:
for each vi ∈ reverse(σ) do

∂Lt
∂vi
← ∇textLt if vi = va, else

∂Lt
∂vi
← LLM({ ∂Lt

∂vj
| vj ∈ successors(vi)}, yi)

pi, τi ← fP (pi, τi,
∂Lt
∂vi

)

G ← fG(G, {Rij}j∈successor(vi),
∂Lt
∂vi

)

end for
αi, βi ← α

(t+1)
i , β

(t+1)
i

G ← RepairTopology(G)
end for
Return: G, y

This backward flow of information culminates in a Co-
ordinated Update of the current solution st. The semantic
parameters and graph topology are co-optimized via textual
gradient descent. Finally, the dynamic routing policy is re-
fined by updating its Bayesian belief parameters, following
KABB (Zhang et al. 2025e).

3.4 Knowledge-Based Subgraph Generation
Dynamic routing underpins HiVA’s efficiency and adaptabil-
ity in selecting agents for task-specific execution subgraphs.
It models agent selection as a Multi-Armed Bandit (MAB)
problem, solved using Thompson Sampling. With topolog-
ical order, at each decision point, the system assigns Pi to
each agent Ai by sampling from a probability distribution
proportional to:

Pi ∝
α
(t)
i

α
(t)
i + β

(t)
i

· exp (−λ · Dist(Ai, Itask)) · ζ(St)η

Here, ζ(St) = 1
|St|(|St|−1)

∑
vi,vj∈St,i̸=j C

(t)
syn(vi, vj) quan-

tifies the collaborative effect within the selected subset
St which include previous selected agents and Ai, where
C

(t)
syn(vi, vj) is the synergy gain coefficient for pairwise agent

interactions, and η adjusts its influence. This distribution
balances historical performance (via Bayesian belief param-
eters αi, βi), task relevance, and team synergy, penalized by
a knowledge-based cost function:

Dist(Ai, Itask) = log(1 + dI) ·
4∑

k=1

ωkΨk

This cost function uses an external knowledge graph to
measure the mismatch Ψk across four sub-indicators of an

Algorithm 2: FORWARDPASS

InitializeRij ← 0, ∀vi, vj ∈ V
Compute topological order σ of G
for each vi ∈ σ do

if vi receives no instruction then
continue

end if
yi ← τi(xi)
sj ∼ Pi, vj ∈ successor(vi)
V ′ = top-kvj∈successor(vi)(sj)

for each vj ∈ V ′ do
Rij ← Rij + 1
Generate xj ← LLM(xi, yi, pj)

end for
end for
y ← va.aggregate({yi | deg+(vi) = 1,Ria = 1})
Return: y

agent’s capabilities against task requirements. The routing
mechanism then constructs efficient, task-specific execution
subgraphs Gexec,t through Thompson Sampling, which serve
as the foundation for forward propagation. More details can
be found in the Appendix on Knowledge-Based Cost Func-
tion.

The routing policy evolves by updating the Bayesian be-
lief parameters for each agent based on performance and
task alignment:

α
(t+1)
i = γ∆tα

(t)
i +

[
r
(t)
i + δ · KM(Ai, Itask)

]
· I{Ai∈St}

β
(t+1)
i = γ∆tβ

(t)
i +

[
1− r

(t)
i + δ · KD(Ai, Itask)

]
·I{Ai∈St}

Here, KM(Ai, Itask) = ρoverlap · ζ({Ai, Itask}) measures task
alignment and KD(Ai, Itask) = 1 − KM(Ai, Itask) plays the
opposite, incorporating a synergy term scaled by a task rel-
evance factor ρoverlap. The updates combine a reward signal
r
(t)
i reflecting the agent’s contribution, a knowledge-driven

adjustment KM, and an exponential decay factor γ∆t =
e−κ∆t to prioritize recent performance. The indicator func-
tion I{Ai∈St} ensures only agents in the selected subset are
updated. This continuous learning process refines the pol-
icy, favoring agents that perform well and align closely with
the task while promoting collaborative subsets, leading to
increasingly effective subgraph generation over time.

3.5 Multi-agent Structure as Memory
In our HiVA framework, the multi-agent structure serves not
only as an organizational scheme for computational units but
also functions as the core memory mechanism of the system.
Unlike traditional multi-agent systems that confine memory
to internal states of individual agents, HiVA encodes collec-
tive memory within the network topology G and inter-agent
connection weights, achieving distributed memory storage
and retrieval.

Specifically, each edge (vi, vj) ∈ E in the network topol-
ogy G = (V, E) carries a weight C(t+1)

syn (vi, vj) that encodes
the historical accuracy and task relevance of information
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transfer from agent vi to vj . These weights evolve contin-
uously through a Bayesian update mechanism:

C(t+1)
syn (vi, vj) = C(t)

syn(vi, vj) + γ ·
α
(t)
ij

α
(t)
ij + β

(t)
ij

· R(t)
ij

where R(t)
ij represents the task contribution of edge (vi, vj)

in the t-th iteration, and γ is the learning rate.
Notably, HiVA’s memory mechanism exhibits hierarchi-

cal characteristics. At the macro level, the topological struc-
ture G stores long-term memory of collaboration patterns
among agents; at the meso level, edge weights wij record
the effectiveness of specific collaboration paths; at the mi-
cro level, agents’ semantic parameters Θi preserve individ-
ual specialized knowledge. This ensures that the system can
utilize historical experience at different granularities.

3.6 Semantic-Topological Evolution
HiVA’s core innovation lies in simultaneously optimizing
agent semantic parameters and network topology from sin-
gleton through two complementary functions fP and fG, as
illustrated in Figure 2. Detailed prompting strategies can be
found in the Prompting Strategies section of the Appendix.

Semantic evolution function fP handles semantic pa-
rameter evolution. Given textual gradient ∂Lt

∂vi
, current se-

mantic parameters pt, and tool configuration ti, it produces
updated parameters. The LLM analyzes the feedback to
identify potential improvements in the agent’s prompt and
tool definition, and then generates refined prompts that ad-
dress issues.

Topological evolution function fG modifies the local
topology at successor nodes of vi based on textual gradi-
ents, topological connections, and task contribution matrix
R. Further, fG instructs an LLM to analyze local topologi-
cal neighborhoods and determine optimal structural modifi-
cations, including adding connections, removing redundant
edges, or restructuring subgraphs.

4 Experiment
To comprehensively assess the capabilities of our HiVA
framework, we have conducted experiments across di-
verse task-driven environments. These experiments evalu-
ate HiVA’s performance, efficiency, and the contributions of
its key components through ablation studies, comparing it
against state-of-the-art baselines.

4.1 Experimental Setup
We evaluated HiVA across mathematical reasoning, long-
context multi-hop question answering, programmatic tasks,
textual reasoning, and complex agentic environments, com-
paring it against state-of-the-art baselines. Ablation stud-
ies assessed the impact of HiVA’s components: Topological
Evolution (TEV), Semantic Evolution (SEV), Knowledge-
Aware Bayesian-Bandit Routing (KABB), environment
feedback (Env), and tool integration (Tool). Adaptability and
scalability experiments are conducted on the MBPP dataset
to assess performance at different optimization steps. Ex-
periments are conducted on both open-sourced models (e.g.,

Qwen2.5-72B-Instruct-Turbo) and close-sourced
APIs (e.g., GPT-4o-mini). All experiments are conducted
with a fixed temperature of 1.0.

Datasets We used the following benchmark datasets to
cover diverse task domains: (1) Mathematical Reasoning:
MATH (Hendrycks et al. 2021b) for complex problems and
GSM-8K (Cobbe et al. 2021) for elementary problems; (2)
Long-context Question Answering: HotpotQA (Yang et al.
2018) and 2WikihopQA (Ho et al. 2020) for multi-hop rea-
soning; (3) Programmatic Tasks: HumanEval (Chen and
et al. 2021) and MBPP (Odena and et al. 2021) for code
generation and problem-solving, with MBPP also used for
adaptability and scalability experiments; (4) Textual Rea-
soning: MMLU (Hendrycks et al. 2021a) for professional
knowledge and BBH (Suzgun and Scales 2023) for chal-
lenging reasoning; and (5) Complex Agentic Environments:
GAIA (Mialon et al. 2024) for interactive and agent-driven
scenarios.

Evaluation Metrics The performance is measured using
accuracy (%) averaged over five runs on randomly sampled
data subsets. For the GAIA dataset, we evaluated perfor-
mance using Accuracy (Acc) for task completion and Cost-
efficiency Score (CS), calculated as Accuracy divided by the
LLM’s cost in dollars. Higher CS values indicate better cost-
efficiency. The CS calculation method and sample strategy
are detailed in the Appendix on Experimental Setup Details.

Baselines We compared HiVA against: CoT (Wei et al.
2022): Step-by-step reasoning. Self-Consistency (Wang
et al. 2023): Majority voting over multiple reasoning paths.
Self-Refine (Madaan et al. 2023): Iterative output refine-
ment. Multi-Agent Debate (Du et al. 2023): Collaborative
multi-agent reasoning. DyLAN (Liu et al. 2023): Dynamic
learning agent network. AgentVerse (Chen et al. 2024):
Multi-agent coordination framework. ADAS (Hu, Lu, and
Clune 2025): Adaptive agent optimization. MaAS (Zhang
et al. 2025a): Multi-agent system with specialized roles.

4.2 Main Results
We evaluated HiVA and baseline methods across mathe-
matical, long-context, programmatic, and textual reasoning
tasks, as shown in Table 1. The results highlight HiVA’s su-
perior performance, achieving the highest average accuracy
of 89.2% (+8.0% over Vanilla), with leading scores in GSM-
8K (94.5%, +3.6%), HotpotQA (79.7%, +18.3%), 2Wik-
ihopQA (86.5%, +13.5%), MMLU (91.7%, +6.5%), and
BBH (93.4%, +8.2%). HiVA’s semantic-topological evolu-
tion and knowledge-aware routing excel in tasks requir-
ing multi-step reasoning and complex interactions, particu-
larly in web-based and textual domains. Compared to MaAS
(86.3% average), which performs strongly in programmatic
tasks (94.2% on HumanEval, 90.1% on MBPP), and ADAS
(85.7% average), which leads in MATH (86.1%), HiVA
demonstrates broader robustness. However, HiVA’s perfor-
mance on MATH (81.2%, -1.8%) is slightly below Vanilla.
As in our qualitative case study (Figure 4), this performance
drop can be attributed to the aggregator’s difficulty in resolv-
ing conflicting answers generated by different agents during
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Method Mathematical Long-context Programmatic Textual Avg.
MATH GSM-8K HotpotQA 2WikihopQA HumanEval MBPP MMLU BBH

Vanilla 82.7 91.2 67.4 76.2 86.1 86.7 86.1 86.3 82.6

CoT 84.3↑1.6% 92.1↑0.9% 68.8↑1.9% 77.6↑1.7% 87.4↑1.5% 87.3↑0.9% 85.2↓0.7% 87.6↑1.4% 83.8↑1.5%

Self-Consistency 84.7↑2.2% 92.6↑1.4% 69.1↑2.4% 78.3↑2.4% 88.2↑2.4% 88.2↑1.5% 85.6↓0.3% 88.1↑2.0% 84.4↑2.2%

Self-Refine 85.1↑2.8% 93.2↑2.0% 69.4↑3.1% 78.6↑3.0% 86.2↑0.1% 87.1↑0.3% 85.1↓1.3% 87.2↑0.8% 84.0↑1.7%

Multi-Agent Debate 85.4↑3.1% 93.3↑2.2% 70.2↑3.9% 79.1↑3.7% 88.1↑2.3% 87.4↑0.9% 85.4↓0.7% 87.6↑1.4% 84.6↑2.4%

DyLAN 85.3↑3.0% 92.9↑1.8% 69.7↑3.1% 78.8↑3.3% 89.7↑4.2% 87.3↑0.6% 85.2↓1.3% 87.1↑0.8% 84.5↑2.3%

AgentVerse 85.6↑3.3% 93.1↑2.1% 70.1↑3.9% 79.3↑3.9% 89.6↑4.1% 87.6↑0.9% 85.7↓0.7% 87.4↑1.4% 84.8↑2.7%

ADAS 86.1↑4.0% 93.4↑2.5% 72.3↑6.8% 80.7↑5.6% 85.2↓1.0% 89.2↑2.8% 87.2↑1.0% 88.6↑2.5% 85.3↑3.3%

MaAS 85.7↑3.6% 94.1↑3.2% 76.2↑13.1% 81.1↑6.4% 92.3↑7.2% 90.1↑3.9% 89.4↑3.8% 90.6↑5.0% 87.4↑5.8%

HiVA (ours) 81.2↓1.8% 94.5↑3.6% 79.7↑18.3% 86.5↑13.5% 94.2↑9.4% 92.1↑6.2% 91.7↑6.5% 93.4↑8.2% 89.2↑8.0%

Table 1: Performance comparison across different task-driven environments on Qwen-2.5-72B-Instruct-Turbo. Re-
sults show accuracy scores (%) for each method across programmatic, textual, long-context, and mathematical reasoning tasks.
Bold indicates best performance. Subscript values denote standard deviation across three runs.

parallel verification. When faced with contradictory results,
the aggregator can get “stuck” and fail to produce a final
answer, revealing a limitation in handling tasks that require
strict logical consistency across multiple reasoning paths.
Despite this, its strong results in MBPP (92.1%, +6.2%) and
knowledge-intensive reasoning tasks underscore its effec-
tiveness in handling other types of intricate dependencies.

In the complex agentic environment (GAIA), we assessed
both Accuracy (Acc) and Cost-efficiency Score (CS), as
shown in Figure 3. HiVA consistently outperforms MaAS
and AutoGPT in Acc across all task levels (Level-1: 26.2%,
Level-2: 24.3%, Level-3: 11.1% vs. MaAS: 25.2%, 22.0%,
6.3% and AutoGPT: 13.21%, 0.0%, 3.9%). The largest per-
formance gap is in Level-2, where HiVA achieves 24.3%
Acc compared to MaAS’s 22.0% and AutoGPT’s 0.0%. Ad-
ditionally, HiVA achieves the highest average CS (5.5) com-
pared to MaAS (5.2) and AutoGPT (1.3), indicating supe-
rior cost-efficiency with fewer LLM calls. HiVA’s dynamic
routing and adaptive agent coordination enable it to balance
high accuracy with efficient resource use, outperforming
workflow-based and reactive-loop-based methods in GAIA’s
multi-step tasks. More experiments on optimization cost can
be found in the Scalability Analysis section of the Appendix.

To evaluate HiVA’s adaptability and scalability, we con-
ducted experiments on the MBPP dataset with tasks of in-
creasing complexity (Introductory, Interview, Competition).
Figure 5 illustrates performance trends over 10 iterations for
HiVA, MaAS, and TextGrad. HiVA demonstrates superior
adaptability, improving from 86.3% to 91.7% (+5.4%) over
10 iterations, surpassing MaAS (86.3% to 90.6%, +4.3%)
after iteration 4 and TextGrad (86.3% to 87.4%, +1.1%),
which plateaus early. HiVA’s steady performance gains,
driven by its topological optimization and knowledge-aware
routing, highlight its ability to scale effectively with task
complexity while maintaining high accuracy.

4.3 Qualitative Case Study
To gain deeper insights into HiVA’s behavior, we con-
ducted a qualitative case study on representative tasks from
each domain. For mathematical reasoning (MATH), we ob-
served that HiVA’s textual gradient mechanism effectively
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Figure 3: Evaluations in complex agentic environments. We
compare two mainstream agentic frameworks (i.e., MaAS,
AutoGPT) with HiVA in an open, complex benchmark (i.e.,
GAIA) and evaluate their performance through Accuracy
(Acc) and Cost-efficiency Score (CS).

refines intermediate solutions, improving accuracy. In multi-
hop question answering (HotpotQA), its knowledge-aware
bandit-based routing dynamically selects relevant agents,
enhancing multi-hop reasoning. For programmatic tasks
(HumanEval), HiVA’s topological optimization ensures effi-
cient agent collaboration for robust code generation. In tex-
tual reasoning (MMLU), integrating environment feedback
and tools enables precise knowledge retrieval. These obser-
vations highlight HiVA’s ability to synergistically leverage
its components across diverse tasks. Two illustrative cases,
shown in Figure 4, demonstrate HiVA’s capabilities and lim-
itations. More cases can be found in the Appendix on Qual-
itative Case Study.

The contrasting cases reveal critical factors determin-
ing HiVA’s effectiveness: Task Decomposability: Multi-
hop QA benefits from natural sequential decomposition,
while complex bug fixing requires simultaneous reasoning
across multiple interdependent components. Context Scal-
ability: Success correlates with tasks fitting within LLM
context windows and agent specialization boundaries. Feed-
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Success Case: From HotpotQA

Failure Case: From hendrycks-MATH-benchmark

Query: Which light rail 
system would one use to 
visit the museum that 
explores the impact of 
modern conflicts on 
people and society?

Query: Let p(x)  be a 
monic polynomial of 
degree 4. Three of the 
roots of p(x) are 1, 2, 
and 3. Find p(0)+p(4).

I established the polynomial’s 
form as p(x)=(x-1)(x-2)(x-3)(x-r). 
Also, p(0)=-6r and p(4)=24-6r so 
the sum should be 24-12r, need to 
find out the value of r.
I will pass it to other agents…

Source Agent

Thematic Agent

Geographic Agent

Logistical Agent Aggregator

“exploring modern conflicts”

Imperial War Museum North

Greater Manchester Metrolink
Light rail system 

Greater Manchester,
MediaCityUK tram stop

I will ask other agents to 
analyze details and 

confirm before forming 
the final answer…

Final Answer: "The light rail 
system to use for visiting the 
museum that explores the impact 
of modern conflicts on people 
and society—the Imperial War 
Museum North—is the Greater 
Manchester Metrolink.  

 
Symbiotic Algebra Refine:
p(0)=6r and p(4)=24-6r so the sum 
should be 24, Source Agent was wrong
Parallel Verification 1:
Source was right, the answer is 
24-12r, final answer depends on r
Parallel Verification 2:
I agree with the refine one

Aggregator

Source Agent

Aggregator: This is a 
direct conflict. Wait. Let 
me check the sign again…
Final Answer:
Got two different results ... 
I got stuck in this contradiction. I 
was unable to resolve this conflict.

Figure 4: Comparative Evolution Trajectories: Success vs. Failure Cases. We evaluate our algorithm on HotpotQA and
MATH, and choose two evolution trajectories (i.e., success and failure cases) from them.
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Figure 5: Adaptability and scalability trends of HiVA. Our
HiVA is compared with MaAS and TextGrad across coding
tasks in the MBPP of increasing iteration steps.

back Quality: Clear, actionable environmental feedback en-
ables effective textual gradient propagation, while ambigu-
ous signals lead to local optimization traps.

4.4 Ablation Studies
To understand the contribution of HiVA’s key components,
we conducted ablation studies by removing Topological
Evolution (TEV), Semantic Evolution (SEV), Knowledge-
Aware Bandit-Based Routing (KABB), environment feed-
back (Env), and tool integration (Tool). Table 2 presents the
results on HotpotQA, MBPP, and MMLU tasks.

The results validate our core hypothesis that both seman-
tic and topological evolution are essential for adaptive in-
telligence. Semantic Evolution (SEV) proves most critical,
with removal causing the largest degradation (10.7% on
HotpotQA, 5.2% on MMLU), confirming that agents must
learn “what each agent should do.” Topological Evolution
(TEV) is equally important, particularly for multi-hop rea-
soning (7.3% drop on HotpotQA), validating our claim that
systems must evolve “how agents should interact and or-

Method HotpotQA MBPP MMLU Avg.
HiVA (ours) 79.7 92.1 91.7 87.8
HiVA w/o TEV 74.0↓7.3% 88.9↓3.5% 88.3↓3.7% 83.7
HiVA w/o SEV 71.2↓10.7% 88.4↓4.0% 86.9↓5.2% 82.2
HiVA w/o KABB 76.2↓4.4% 88.1↓4.4% 90.6↓1.2% 85.0

HiVA w/o Env 75.2↓5.7% 89.3↓3.1% 89.5↓2.4% 84.7
HiVA w/o Tool 74.8↓6.1% 94.1↑2.2% 89.1↓2.8% 84.3

Table 2: Ablation Study of HiVA. Results show accuracy
scores (%) for each method across HotpotQA, program-
matic (MBPP), and textual (MMLU) reasoning tasks. Bold
indicates best performance. Subscript arrows denote relative
change from full HiVA.

ganize.” The synergistic effect of TEV and SEV demon-
strates our Semantic-Topological Evolution (STEV) algo-
rithm. Neither component alone achieves optimal perfor-
mance. Knowledge-Aware Bandit-Based Routing (KABB)
consistently contributes (4.4% decreases), confirming effec-
tive exploration of the evolved topological space. Environ-
ment feedback (Env) provides steady improvements, vali-
dating our textual gradient approach. More details can be
found in the Appendix on Ablation Study Details.

5 Conclusion

We introduce HiVA, a framework for self-organized multi-
agent systems that jointly evolves agent behaviors (seman-
tics) and their collaboration structure (topology). Guided
by environmental feedback, HiVA consistently outperforms
baselines in accuracy and cost-efficiency on complex tasks
like mathematical reasoning and code generation. Our work
confirms that this co-evolution of semantics and topology
is critical for optimal adaptation. Future work may develop
more operable and effective tool-calling methods to better
handle the challenges of dynamic environments.
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