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Abstract 

This study proposes SWEET-RL, a reinforcement learning framework for training LLM agents in 
multi-turn collaborative reasoning tasks involving human or agent partners. A step-wise critic is 
trained using intermediate evaluation signals derived from task progression rather than final 
answers. The method is evaluated on ColBench, consisting of 3,800 multi-turn collaboration sessions 
across software development and design tasks. SWEET-RL improves long-horizon task success rates 
by 24.3% and reduces dialogue-level error accumulation by 35.1%, demonstrating stronger 
robustness in extended collaborative interactions. 

Keywords: Multi-turn reinforcement learning; collaborative reasoning; LLM agents; step-wise 
reward; human–AI collaboration 
 

1. Introduction 

Large Language Models (LLMs) have progressed from basic text generation systems to 
autonomous agents capable of complex reasoning, planning, and decision-making [1,2]. Recent 
advances in agent frameworks enable these models to interact with external tools, operate in dynamic 
environments, and solve multi-step problems through structured reasoning strategies such as explicit 
reasoning traces and iterative self-evaluation [3]. As LLM-based agents are increasingly integrated 
into professional workflows, research focus has shifted from isolated task completion toward multi-
turn collaborative reasoning, where agents must coordinate with human partners or other agents to 
achieve shared objectives over extended interactions [4,5]. Success in such settings requires not only 
local reasoning accuracy, but also the ability to maintain long-term coherence, adapt to continuous 
feedback, and coordinate actions across time and roles [6,7]. Recent studies further indicate that 
effective collaboration in dynamic and uncertain environments depends on sequential and adaptive 
coordination mechanisms rather than static interaction rules. Approaches that model cooperative 
online learning among multiple agents demonstrate that updating coordination strategies over time 
and maintaining shared coordination structures can significantly improve stability and performance 
in long-horizon tasks [8]. These results highlight that collaboration is inherently a temporal process, 
where decisions made at early stages shape future interaction trajectories. While reasoning-and-
acting paradigms enhance tool use and error recovery at the individual agent level [9], they do not 
explicitly address how coordination policies should adapt across turns in multi-agent or human–
agent collaboration scenarios. 

Despite these advances, multi-turn collaborative reasoning remains challenging for current LLM 
training paradigms. Standard reinforcement learning from human feedback typically relies on 
outcome-based reward models that evaluate only the final response of an interaction session [10,11]. 
Such sparse reward signals provide limited guidance for intermediate reasoning steps, leading to 
credit assignment failures in which agents cannot identify which specific actions contributed to 
success or failure [12]. In extended dialogues, this limitation is amplified by error propagation, where 
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a single misunderstanding or flawed inference early in the interaction can compound over time and 
ultimately derail the entire collaboration [13]. Existing evaluation benchmarks often focus on short 
or simplified tasks, which fail to capture the complexity and temporal dependencies of real-world 
professional collaboration in domains such as software engineering, system design, and creative 
production [14,15]. These limitations are further exacerbated by the scarcity of large-scale, high-
quality data for multi-turn collaborative scenarios. Many available datasets are either synthetically 
generated with limited diversity or restricted to narrowly defined tasks, preventing models from 
learning realistic patterns of coordination, negotiation, and recovery [16]. As a result, agents trained 
on such data struggle to assess task progress at intermediate stages and often repeat earlier mistakes 
instead of adapting their strategies. This gap underscores the need for training frameworks that 
provide dense, step-wise feedback and evaluation environments that reflect long-duration 
professional workflows, where success depends on sustained coordination rather than isolated 
correct answers [17,18]. To address these challenges, this study introduces SWEET-RL (Step-Wise 
Evaluation and Evolution for Team-based Reinforcement Learning), a reinforcement learning 
framework designed specifically for multi-turn collaborative reasoning. Unlike outcome-driven 
approaches, SWEET-RL employs a step-wise critic that evaluates intermediate task progress at each 
interaction turn, enabling fine-grained credit assignment and reducing error accumulation over time. 
To support systematic evaluation, a new benchmark, ColBench, is constructed, comprising 3,800 
multi-turn collaboration sessions centered on software development and design tasks. ColBench 
provides a realistic testbed for analyzing how agents manage long-term dependencies, evolving 
requirements, and professional constraints. 

The objective of this work is to improve the stability, reliability, and success rates of LLM agents 
in collaborative settings. Experimental results on ColBench demonstrate that SWEET-RL increases 
success rates on long-duration tasks by 24.3% relative to existing baselines and reduces dialogue-
level error accumulation by 35.1%. These findings indicate that process-aware reinforcement learning 
offers a more effective foundation for collaborative reasoning than outcome-only optimization. By 
enabling agents to receive continuous feedback and adapt their behavior throughout an interaction, 
this work contributes toward the development of more dependable AI partners for complex, real-
world applications. 

2. Materials and Methods 

2.1. Sample and Research Description 

This study uses the ColBench dataset, which contains 3,800 multi-turn collaboration sessions. 
These sessions are divided into two main categories: software development and industrial design. 
Each session involves an interaction where an LLM agent works with either a human-simulated 
partner or another digital agent. We collected the samples in controlled environments to ensure that 
task complexity and feedback loops remained consistent. The agents were tested on tasks with 
lengths ranging from 5 to 25 turns, which represents the typical requirements of professional 
workflows. 

2.2. Experimental Design and Controls 

The experimental design compares the proposed SWEET-RL framework against a control group 
that uses standard Outcome-based Reward Models (ORM). This setup is intended to address the 
credit assignment problem in long-term reasoning. While the control group receives a single reward 
signal only after the final answer, the experimental group receives intermediate signals based on task 
progress. This comparison allows us to evaluate how step-wise feedback affects dialogue stability 
and the success rate of long-horizon tasks. 

2.3. Measurement and Quality Control 
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We measured performance using task success rates and dialogue-level error accumulation. To 
ensure the reliability of the results, we verified the automated progression signals through a 
validation process. A subset of 500 sessions was manually reviewed by experts to confirm the 
accuracy of the scoring. Quality control measures included removing sessions with malformed 
prompts and standardizing response lengths to prevent reward bias. All measurement tools were 
tested on a separate validation set to ensure consistent results across different agent models. 

2.4. Data Processing and Model Formulas 

Data processing involved normalizing interaction logs and tokenizing text for model training. 
The step-wise reward Rt at turn t is defined by the change in progress from state St to St+1: 

Rt=Φ(St+1)−Φ(St)−η⋅Ct 
where Φ  represents the progress potential and Ct  is the communication cost per turn. 

Additionally, the total error accumulation Etotal is calculated using a weighted sum: 

Etotal=෍ γT−t
T

t=1

⋅δt 

whereδt is the error magnitude at turn t and γ is a decay factor that weights the influence of early-

stage errors on the final outcome. 

2.5. Statistical Analysis and Evaluation 

We used two-tailed t-tests and ANOVA to determine the significance of the performance 
differences between SWEET-RL and the baseline models. A p-value of less than 0.05 was set as the 
threshold for statistical significance. We also conducted sensitivity analyses to examine how different 
decay factors and reward densities influenced model convergence. All experiments were performed 
using the PyTorch framework on NVIDIA H100 GPUs to ensure the reproducibility of the training 
results. 

3. Results and Discussion 

3.1. Analysis of Task Success Rates  

The experimental results demonstrate that SWEET-RL significantly improves task completion in 
multi-turn interactions. On the ColBench dataset, the proposed framework achieved a 24.3% higher 
success rate compared to standard reinforcement learning models. This performance gain is most 
apparent in software development tasks, where agents must manage technical dependencies over 
extended periods. As shown in Figure 1, the step-wise reward mechanism allows the agent to 
maintain high accuracy even as the number of dialogue turns increases. Baseline models relying on 
outcome-based rewards exhibit a sharp performance decline after ten turns; however, the proposed 
approach maintains stability. These findings suggest that turn-level feedback is necessary for agents 
to perform the long-horizon reasoning required in professional collaboration [19,20]. 
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Figure 1. Task success rates of SWEET-RL and baseline models over different dialogue lengths. 

3.2. Reduction of Dialogue-Level Error Propagation 

 A significant finding of the SWEET-RL framework is the 35.1% reduction in dialogue-level error 
accumulation. In multi-turn collaborative reasoning, a single error in an early stage often leads to 
total session failure as mistakes compound over time. The step-wise critic provides immediate 
progress evaluation, allowing the agent to identify and correct misalignments before they become 
irreversible. Analysis indicates that this stability is directly correlated with the density of the reward 
signal. While outcome-based models struggle to identify which specific action caused a failure, the 
step-wise feedback in SWEET-RL offers a clear signal for every turn. This prevents the ʺreasoning 
driftʺ that typically affects agents during long human-AI interactions [21]. 

3.3. Comparison with Process-Based Supervision  

These results support previous studies suggesting that supervising the reasoning process is 
more effective than evaluating only final answers (Lightman et al., 2023). However, this work extends 
that principle to the collaborative domain. While earlier research primarily focused on individual 
mathematical problem-solving, our data show that step-wise rewards are equally effective for 
dynamic group tasks. Figure 2 demonstrates how success rates remain consistent across multiple 
rounds of interaction. Compared to current multi-agent reinforcement learning baselines, SWEET-
RL shows a more reliable performance profile. This comparison confirms that the proposed method 
effectively addresses the sparse reward problem that often reduces the effectiveness of collaborative 
AI systems in professional settings [22,23]. 
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Figure 2. Success rate stability during multi-turn collaboration in multi-agent systems. 

3.4. Robustness and Domain Generalization 

Evaluation on ColBench demonstrates that SWEET-RL is effective across diverse scenarios, 
including software engineering and industrial design. In software tasks, the model successfully 
managed technical requirement changes in the middle of a session. In design tasks, it showed the 
flexibility to incorporate stylistic feedback from partners without losing track of the primary objective. 
The robustness of the system is supported by consistent success rates regardless of the expertise level 
of the partner. Unlike baseline models that are highly sensitive to the quality of the initial prompt, 
SWEET-RL can recover from vague or low-quality inputs through continuous progress monitoring. 
These results indicate that the system is suitable for real-world applications where user input is often 
unpredictable and complex [24]. 

4. Conclusions 
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This study introduces SWEET-RL, a reinforcement learning framework developed to improve 
multi-turn collaborative reasoning in Large Language Model (LLM) agents. The core innovation 
involves replacing outcome-based rewards with a step-wise reward system, which effectively 
resolves the credit assignment problem in long interaction sessions. Experimental results on the 
ColBench dataset show that the proposed method increases task success rates by 24.3% and reduces 
error accumulation by 35.1% compared to baseline models. These findings suggest that process-based 
supervision is necessary for maintaining stability during complex collaborations. The framework has 
practical applications in professional fields such as automated software engineering and industrial 
design. However, the model currently requires high computational resources and has only been 
tested in specific technical domains. Future work will focus on improving computational efficiency 
and evaluating the framework in more diverse interaction scenarios. 
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