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Abstract 

 

 
 The development of autonomous agents powered by Large Language 
Models (LLMs) has historically been constrained by the high costs of manual 
task dataset construction, inefficient exploration, and poor sample utilization in 
Reinforcement Learning (RL) contexts. This paper provides a comprehensive 
review and analysis of “AgentEvolver: Towards Efficient Self-Evolving Agent 
System” by Zhai et al. (2025). We examine the proposed framework, which 
shifts the paradigm from human-engineered pipelines to an LLM-guided 
self-improvement loop comprising self-questioning, self-navigating, and 
self-attributing mechanisms. Specifically, we analyze the rigorous 
formalization of the “sandbox” environment and the novel implementation of 
proxy reward functions (F_{reward}) that utilize granular credit assignment. 
Furthermore, this paper situates AgentEvolver within the broader 
literature—contrasting it with systems like Voyager and EvolveR—and 
explores its potential extensions into multi-agent collaborative frameworks. 
Implications for academic rigor and future research directions in self-evolving 
intelligence are discussed. 

Keywords: Large Language Models (LLMs), Autonomous Agents, 
Reinforcement Learning, Self-Evolution, Credit Assignment, AgentEvolver. 
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1. Introduction 

The intersection of Large Language Models (LLMs) and Reinforcement 
Learning (RL) has catalyzed the development of autonomous agents capable 
of complex decision-making. However, the field faces significant bottlenecks, 
primarily the heavy reliance on human-engineered task pipelines and the 
sparsity of rewards in long-horizon tasks. Traditional RL approaches often 
suffer from high sample complexity and inefficient exploration, limiting their 
scalability in novel environments (Zhang et al., 2025a; Wang & Huang, 2025). 

Addressing these challenges, Zhai et al. (2025) introduced AgentEvolver, a 
novel framework designed to facilitate efficient self-evolution in LLM-based 
agents. Published on arXiv, this work proposes a system where agents 
autonomously synthesize tasks and rewards, effectively “learning to learn” 
within a reward-free environment. By utilizing a synergy of curiosity-driven 
task generation and fine-grained credit assignment, the authors claim to 
bridge the gap between small-scale models and massive parameter 
baselines. 

This paper provides a critical analysis of the AgentEvolver system. We dissect 
its core methodological contributions—specifically the move toward dense, 
attribution-based rewards—and evaluate its empirical performance against 
state-of-the-art benchmarks like AppWorld and BFCL v3. Furthermore, we 
expand upon the original work by proposing integrations with multi-agent 
systems and outlining necessary steps to enhance the theoretical rigor of 
such self-evolving frameworks. Drawing from recent surveys on multi-agent 
cooperation (Lyu, 2025; Tran et al., 2025) and curated repositories of agent 
frameworks (Bairagi, 2025), we contextualize AgentEvolver’s single-agent 
focus within the evolving landscape of collaborative AI. 

2. Aim and Scope 

The primary aim of this paper is to deconstruct the AgentEvolver framework 
to understand the mechanisms that drive its efficiency and adaptability. 
Specifically, this analysis seeks to: 

● Formalize the Core Mechanics: Detail the mathematical and structural 
innovations of the self-questioning, self-navigating, and self-attributing 
loops. 
 

● Evaluate Credit Assignment: Provide an in-depth examination of the 
LLM-based binary labeling system used for proxy rewards. 
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● Contextualize Performance: Benchmark AgentEvolver against related 
works such as Voyager (Wang et al., 2023) and EvolveR (Wu et al., 
2025). 
 

● Propose Future Trajectories: Identify limitations in single-agent 
evolution and explore the theoretical and practical implications of 
extending this framework to multi-agent environments. 
 

The scope is limited to LLM-based agents in tool-use and API environments, 
with extensions to multi-agent paradigms informed by contemporary 
frameworks like AutoGen and MetaGPT (Bairagi, 2025; Lyu, 2025). 

3. The AgentEvolver Methodology 

The AgentEvolver methodology is grounded in a problem formulation that 
separates the learning environment into a “sandbox” and an unknown target 
task distribution. This separation allows the agent to train without direct 
supervision from the target environment. 

3.1 Problem Formulation 

The authors formalize the environment as a sandbox tuple ( E = (S, A, P) ), 
where ( S ) represents the state space, ( A ) the action space, and ( P ) the 
transition dynamics. Crucially, this environment is reward-free. To facilitate 
learning, the system introduces two proxy functions: 

● ( F_{\text{task}} ): A function for task synthesis. 
 

● ( F_{\text{reward}} ): A function for reward synthesis. 
 

The self-evolution loop operates through three synergistic phases, as 
illustrated in the framework overview (Zhai et al., 2025, Figure 2). 

3.2 Self-Questioning (Task Generation) 

To address task scarcity, the system employs a curiosity-driven mechanism. 
Agents explore the environment using high-temperature LLMs, guided by 
explicit environment profiles (including entities, attributes, and available 
operations). These explorations are synthesized into tasks aligned with 
specific user preferences regarding difficulty and style. The tasks are verified 
for feasibility and augmented with reference solutions, instantiating ( 
F_{\text{task}} ) to produce proxy training distributions ( p_{\text{train}}(g) ). 
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This phase reduces dependence on handcrafted datasets, drawing parallels 
to intrinsic motivation models in RL (Cui et al., 2025a). 

3.3 Self-Navigating (Exploration) 

This phase focuses on experience-guided exploration. Experiences from past 
trajectories are distilled and stored. During new rollouts, a retrieval 
mechanism accesses relevant past experiences to guide the agent. The 
system utilizes a hybrid policy that balances: 

● Experience-free exploration: To discover new strategies. 
 

● Experience-mixed guidance: To exploit known successful paths. 
 

Optimization is performed via Generalized Reward Policy Optimization 
(GRPO) with relaxed clipping to ensure stability during updates 
(DeepSeek-AI, 2024). This hybrid approach enhances exploration efficiency, 
outperforming uniform sampling in long-horizon tasks. 

3.4 Self-Attributing (Reward Synthesis) 

The most distinct methodological contribution is the self-attributing 
mechanism, which acts as the implementation of ( F_{\text{reward}} ). This 
mechanism transforms sparse trajectory-level outcomes into dense, 
step-level signals, addressing the credit assignment problem inherent in 
long-horizon tasks (Liu et al., 2024). 

3.4.1 Step-Wise Attribution via LLM Reasoning 

An LLM “judge” evaluates a completed trajectory in a single pass. It assigns 
binary labels to each step: 

● GOOD (+1): Beneficial actions that contribute to the goal. 
 

● BAD (-1): Irrelevant or detrimental actions. 
 

The prompt structure ensures the judge focuses on technical impact rather 
than superficial elements. This provides a qualitative signal measuring 
process quality, which is more interpretable and transferable than handcrafted 
Process Reward Models (PRMs) (Cui et al., 2025a). 

3.4.2 Mathematical Formalization of Rewards 
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The binary labels are quantified as ( r_{\text{attr}t} ). To prevent longer 
trajectories from skewing the signal and to ensure stability, these are 
normalized at the trajectory level. Statistics (mean ( \mu{\text{attr}} ) and 
standard deviation ( \sigma_{\text{attr}} )) are computed over trajectory 
averages. The standardized attribution reward is calculated as: 
 [ \hat{r}{\text{attr}t} = \frac{r{\text{attr}t} - \mu{\text{attr}}}{\sigma{\text{attr}} + 
\epsilon} ] 
 where ( \epsilon ) is a small constant for numerical stability. 

3.4.3 Composite Reward Construction 

To balance procedural correctness with final task success, the system 
integrates the attribution reward with a normalized outcome-based reward, ( 
\hat{r}{\text{out}} ) (e.g., +1 for terminal success). The final composite reward 
( r{\text{comp}t} ) is defined as: 
 [ r{\text{comp}t} = \alpha \cdot \hat{r}{\text{attr}t} + (1 - \alpha) \cdot 
\hat{r}{\text{out}_t} ] 
 Here, ( \alpha ) controls the weighting between process and outcome. 
Advantages derived from this composite reward are broadcast to the token 
level for GRPO updates. 

4. Empirical Evaluation and Results 

4.1 Experimental Setup 

The framework was evaluated on two primary benchmarks: 

● AppWorld: API-based household tasks requiring multi-turn 
interactions. 
 

● BFCL v3: Multi-turn function calling benchmarks. 
 

The backbone models used were Qwen2.5 (7B and 14B parameters). 

4.2 Key Findings 

● Performance vs. Scale: The AgentEvolver-7B model achieved a 
41.3% task goal completion (avg@8) on AppWorld, significantly 
outperforming a zero-shot baseline of 15.8%. Notably, the 7B model 
outperformed significantly larger baselines, including models with 
235B parameters (Zhai et al., 2025, Figure 1). 
 

Mamun, SM (2025)……………………………………………7 



Paradigm Shifts in Autonomous Agents: A Comprehensive Analysis of the 
AgentEvolver Framework 

 

● Ablation Studies: 
 

○ Self-Questioning: Alone boosted performance by 20–25%. 
 

○ Synergy: Adding navigation and attribution yielded further 
gains of 5–10% each. 
 

○ Data Source: Hybrid data (synthetic + human) exceeded the 
performance of purely human-curated datasets. 
 

● Attribution Efficacy: The dual-channel reward approach (outcome + 
attribution) outperformed outcome-only or attribution-only variants by 
6–10% in avg@8 metrics. 
 

● Convergence and Efficiency: The system demonstrated 55–67% 
faster convergence compared to GRPO baselines. Hyperparameter 
analysis indicated an optimal ( \alpha \in [0.10, 0.20] ). Higher ( \alpha 
) values accelerated initial learning but introduced a risk of overfitting 
to process signals at the expense of task completion. 
 

5. Critical Discussion 

5.1 Strengths 

● Innovation in Autonomy: By effectively removing the human from the 
loop, AgentEvolver offers a scalable solution for novel environments 
where training data does not yet exist. 
 

● Sample Efficiency: The transformation of sparse rewards into dense, 
attribution-based signals addresses a fundamental inefficiency in RL, 
validated by the rapid convergence rates. 
 

● Practical Infrastructure: The provision of standardized interfaces and 
modular components (e.g., Context Manager) ensures the framework 
is not merely theoretical but deployment-ready. 
 

5.2 Weaknesses and Limitations 

● Dependency on LLM Quality: The self-attributing mechanism relies on 
a strong “judge” LLM (e.g., Qwen-Max). This creates a dependency 
chain where the system is only as good as its evaluator, potentially 
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limiting applicability in resource-constrained settings or with weaker 
models. 
 

● Hallucination Risks: Despite verification steps, self-questioning and 
self-attributing are susceptible to LLM hallucinations. The binary 
labeling system may also lack the nuance required for highly complex, 
ambiguous tasks. 
 

● Scalability of Compute: While sample-efficient, the initial exploration 
and massive volume of LLM calls required for self-questioning 
represent a significant computational cost. 
 

5.3 Enhancing Academic Rigor 

To elevate the framework’s standing within the theoretical AI community, we 
propose the following enhancements: 

● Theoretical Bounds: Future iterations should introduce formal proofs 
regarding the approximation of the target objective ( 
J_{\text{target}}(\theta) ) by the proxy objective ( J_{\text{train}}(\theta) 
), potentially utilizing PAC-Bayesian bounds (Schaul et al., 2015). 
 

● Statistical Validation: Results should be subjected to rigorous 
statistical significance tests (e.g., Wilcoxon signed-rank) to confirm 
that gains over baselines are not artifacts of variance. 
 

● Generalization: Testing must extend beyond tool-use benchmarks to 
physical simulations or multi-agent environments to validate the 
universality of the self-evolution loop. 
 

6. Related Work and Extensions 

6.1 Comparative Analysis 

AgentEvolver distinguishes itself from predecessors through its integrated, 
reward-free evolution: 

● Vs. Voyager (Wang et al., 2023): Voyager focuses on open-ended 
exploration in Minecraft via code-writing skill libraries. AgentEvolver 
targets API tool use and generates tasks without environment-specific 
coding requirements. 
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● Vs. Reflexion (Shinn et al., 2023): While Reflexion uses verbal 
self-reflection, AgentEvolver’s self-attributing mechanism provides 
finer-grained, step-level quantitative feedback (( r_{\text{attr}} )), 
leading to denser rewards and superior convergence. 
 

● Vs. EvolveR (Wu et al., 2025): EvolveR emphasizes distinct lifecycle 
stages (offline distillation vs. online interaction). AgentEvolver 
integrates these into a unified loop, achieving better sample efficiency 
on benchmarks like BFCL. 
 

6.2 The EvolveR Framework 

The EvolveR framework, proposed by Wu et al. (2025), represents a 
complementary approach to self-evolving LLM agents, emphasizing an 
experience-driven lifecycle to mitigate “operational amnesia” in traditional 
agents. Unlike AgentEvolver’s unified self-evolution loop in reward-free 
sandboxes, EvolveR structures agent improvement as a closed-loop process 
alternating between offline and online phases, enabling agents to distill and 
apply strategic principles from their interactions. 

At its core, EvolveR addresses the limitation of treating tasks as isolated 
episodes by maintaining a dynamic experience base ( E ), which stores 
abstracted principles derived from trajectories. The lifecycle comprises: 

● Offline Self-Distillation: With model parameters frozen, the agent’s 
policy ( \pi_\theta ) acts as an “expert” to distill trajectories into 
principles—guiding (from successes) or cautionary (from 
failures)—represented as natural language descriptions with 
knowledge triples (e.g., subject-predicate-object). New principles ( 
p_{cand} ) are integrated via semantic deduplication: 
 [ E \leftarrow \begin{cases} E \cup { p_{cand} } & \text{if } \max_{p \in 
E} \sim(p_{cand}, p) < \theta_{sim} \ \text{Merge}(E, p^, \tau_{src}) & 
\text{otherwise} \end{cases} ] 
 where ( \sim ) is cosine similarity and ( p^ ) is the most similar existing 
principle. Quality control prunes low-scoring principles using ( s(p) = 
\frac{c_{succ}(p) + 1}{c_{use}(p) + 2} ), with ( c_{succ} ) and ( c_{use} 
) tracking successful uses. 
 

● Online Interaction: Agents retrieve top-k principles from ( E ) to guide 
actions in a deliberative loop (e.g., , , ), generating new trajectories ( 
\tau_{new} ) for future distillation. 
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● Policy Evolution: Reinforcement uses Group Relative Policy 
Optimization (GRPO): 
 [ J_{GRPO}(\theta) = \mathbb{E}{\tau \in D} \left[ \sum{t=1}^{|\tau|} 
\min \left( \rho_t(\theta) \hat{A}t, \clip(\rho_t(\theta), 1-\epsilon, 
1+\epsilon) \hat{A}t \right) - \beta D{KL}[\pi\theta || \pi_{ref}] \right] ] 
 Rewards combine outcome ( R_{outcome} ) (Exact Match) and format 
( R_{format} ) (balancing reasoning and search diversity). 
 

Empirically, on multi-hop QA benchmarks (e.g., HotpotQA, Musique), EvolveR 
(Qwen2.5-3B) achieves 0.382 average EM, outperforming RL baselines like 
Search-R1 (0.325). Ablations show self-distillation aligns better than external 
teachers for larger models, and experience retrieval is crucial (performance 
drops to 0.340 without it). Compared to AgentEvolver, EvolveR’s phased 
lifecycle excels in knowledge-intensive tasks via principle abstraction, but 
lacks AgentEvolver’s curiosity-driven task generation, potentially limiting 
exploration in novel environments. Hybridization could merge EvolveR’s 
dynamic curation with AgentEvolver’s attribution for enhanced sample 
efficiency. 

6.3 Extension to Multi-Agent Frameworks 

While AgentEvolver is a single-agent system, its components hold promise for 
multi-agent applications. Recent frameworks like AgentCoder (Zeng et al., 
2024) and Benchmark Self-Evolving (Wang et al., 2025) demonstrate the 
power of collaborative refinement (Bairagi, 2025). Surveys highlight that 
multi-agent systems leverage natural language for emergent behaviors, such 
as consensus-building and role specialization (Lyu, 2025; Tran et al., 2025). 

● Collaborative Attribution: The self-attributing mechanism could be 
distributed across multiple agents (e.g., a “Critic” agent and an “Actor” 
agent), potentially reducing individual hallucination bias. 
 

● Meta-Agent Orchestration: Integrating AgentEvolver with a 
“meta-agent” structure could allow for the orchestration of sub-agents, 
enhancing scalability for complex multi-tool tasks, akin to AutoGen’s 
conversational patterns (Bairagi, 2025). 
 

● Challenges: Extending to multi-agent domains introduces 
communication overhead and alignment issues, which the current 
streamlined single-agent loop avoids (Lyu, 2025). 
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7. Conclusion 

The “AgentEvolver” framework by Zhai et al. (2025) represents a significant 
step forward in the quest for autonomous, self-improving artificial intelligence. 
By formalizing the interaction between a sandbox environment and proxy 
synthesis functions, the authors successfully demonstrate that smaller models 
can outperform massive baselines through efficient self-evolution. The 
introduction of the composite reward function, ( r_{\text{comp}} ), balancing 
attribution and outcome, offers a robust solution to the credit assignment 
problem. 

While challenges remain regarding dependency on strong evaluator models 
and potential hallucination risks, the framework provides a solid blueprint for 
future research. The path forward lies in hybridizing this efficiency with the 
robustness of multi-agent systems and grounding the empirical success in 
stronger theoretical guarantees. 
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