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Abstract 

This study introduces MAPoRL2, a post-training framework that enhances 
collaborative LLM performance through multi-agent reinforcement learning and 
structured discussion. Multiple LLM agents independently generate candidate 
solutions, engage in iterative discussion rounds, and are jointly optimized using 
verifier-based rewards that assess both correctness and corrective reasoning. 
Experiments across 5 reasoning and generation benchmarks with 4,500 training 
samples demonstrate improvements of 18.9% in answer accuracy and 22.4% in 
correction efficiency over single-agent post-training, highlighting the effectiveness of 
discussion-aware RL signals. 
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1.Introduction 

Large Language Models (LLMs) have demonstrated remarkable advances in natural language 
processing, achieving strong performance across reasoning, code generation, and complex 
text synthesis tasks [1,2]. The prevailing training paradigm combines large-scale self-
supervised pre-training with alignment strategies such as Supervised Fine-Tuning (SFT) and 
Reinforcement Learning from Human Feedback (RLHF), which aim to adapt model behavior 
to human preferences and instructions [3]. While these approaches significantly improve 
instruction-following ability, they do not fundamentally eliminate inherent weaknesses of 
single-agent reasoning. In practice, single LLMs remain prone to hallucinations, brittle multi-
step reasoning, and limited capacity for self-correction in the absence of explicit external 
feedback [4,5]. These limitations highlight the need for post-training mechanisms that go 
beyond static alignment and enable models to reason more robustly over extended decision 
trajectories. To mitigate the constraints of isolated reasoning, recent studies have increasingly 
explored multi-agent paradigms, where multiple LLM instances interact to jointly solve 
problems. Evidence suggests that structured interaction among agents can introduce 
complementary perspectives, facilitate mutual error detection, and improve overall solution 
quality [6,7]. In particular, cooperative and debate-based frameworks allow agents to critique 
intermediate conclusions, revise assumptions, and converge toward more reliable outcomes, 
yielding notable gains in mathematical reasoning, planning, and commonsense inference tasks 
[8,9]. Beyond static collaboration, recent work on sequential cooperative multi-agent learning 
further indicates that adaptive coordination mechanisms can improve performance in 
dynamic and uncertain environments by enabling agents to adjust roles and strategies during 
interaction [10]. These findings suggest that collaboration itself constitutes a form of 
reasoning capability that cannot be fully realized by single-agent models. Despite these 
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advances, most existing multi-agent approaches remain limited to inference-time 
coordination with frozen model parameters. Such methods rely heavily on prompt 
engineering and hand-crafted interaction protocols, without explicitly training models to 
internalize collaborative behaviors [11]. Although reinforcement learning has been 
introduced to some multi-agent LLM settings, substantial challenges persist. Sparse reward 
signals and ambiguous credit assignment make it difficult to attribute success or failure to 
specific agents or interaction steps [12,13]. Moreover, many current frameworks evaluate 
only the correctness of final outputs, disregarding whether intermediate reasoning steps are 
logically valid or whether error correction occurs in a meaningful way. As a result, models 
may arrive at correct answers through flawed reasoning paths, raising concerns about 
reliability and generalization [14]. Additional limitations arise from data quality and 
experimental scope. A significant portion of post-training research relies on synthetic 
interaction datasets that fail to capture the complexity of real collaborative reasoning. In 
parallel, commonly used verifiers tend to focus on surface-level correctness and often lack 
sensitivity to subtle logical inconsistencies or spurious justifications [15,16]. The high 
computational cost of simulating multi-agent interactions further restricts most studies to 
small-scale experiments, limiting their ability to assess scalability and robustness [17]. 
Importantly, there is still no unified training framework that simultaneously optimizes 
solution correctness and the efficiency of the collaborative process. Without explicit 
incentives for effective correction and concise interaction, agents may generate redundant 
communication or prematurely converge on incorrect conclusions [18]. Motivated by these 
challenges, this study proposes MAPoRL2 (Multi-Agent Post-Co-Training of Large Language 
Models via Reinforcement Learning), a post-training framework that explicitly integrates 
collaborative reasoning behaviors into model parameters. Unlike inference-only coordination 
schemes, MAPoRL2 treats multi-agent discussion as a complete learning trajectory and jointly 
optimizes agents through reinforcement learning. A key contribution of this framework is a 
discussion-aware reinforcement signal based on a dual-objective verifier that evaluates both 
final answer accuracy and the quality of corrective reasoning exhibited during interaction. By 
rewarding effective hypothesis revision and meaningful error correction, MAPoRL2 
encourages agents to learn not only what to answer, but how to reason collaboratively. 
Experiments across five benchmarks demonstrate that this approach consistently improves 
both answer accuracy and correction efficiency compared to single-agent baselines and 
inference-only multi-agent methods, highlighting its potential as a scalable post-training 
strategy for reliable multi-agent LLM reasoning. 

2. Materials and Methods 

2.1 Samples and Dataset Description 

We used a dataset of 4,500 samples for multi-agent training. These samples came from five 
different benchmarks, covering math, logic, and code generation. We used Llama-2-70b-chat 
as the base model for both the agents and the verifier. The data were split into a training set 
(80%), a validation set (10%), and a test set (10%). This split prevented the model from 
memorizing the training data. We filtered the dataset to ensure quality. We removed samples 
with unclear answers or incomplete information to keep the difficulty balanced. 

2.2 Experimental Design and Controls 

To test the MAPoRL2 framework, we established one experimental group and three control 
groups. The experimental group used the multi-agent discussion method with joint 
optimization. Control Group A used standard Single-Agent Supervised Fine-Tuning (SFT). 
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Control Group B used Single-Agent Reinforcement Learning (RL). Control Group C used a 
multi-agent setup without training (inference only). This design identified the specific effect of 
the discussion-based learning. All groups processed the same inputs. We limited the 
discussion to three rounds to keep the computational cost consistent. 

2.3 Measurement and Quality Control 

We measured performance using two metrics: Answer Accuracy (Acc) and Correction 
Efficiency (CE). Accuracy shows the percentage of correct final answers. Correction Efficiency 
measures the ability to correct a wrong answer through discussion. For quality control, we 
used a reward model based on verification. We trained this model to distinguish between 
correct and incorrect steps. We checked the reward model against human labels to ensure a 
correlation score above 0.85. If the model confidence was low for a batch of data, we excluded 
that batch to prevent learning from errors. 

2.4 Data Processing and Formulas 

We converted the discussion logs into data for reinforcement learning. The goal was to 
maximize the total reward during the discussion. The reward function R includes the accuracy 
of the final answer and the quality of the reasoning steps. We calculated the total reward 
using Eq. (1): 

Rtotal=λ1⋅I(y
final

=y
truth

)+λ2⋅
1

T
∑V

T

t=1

(st) 

In this formula, T is the number of turns, and V(st)is the score for step t. The model updates its 
parameters θ to maximize the function J(θ) as shown in Eq. (2): 

J(θ)=Eτ∼πθ
[∑ γt

T

t=0

Rtotal(st,at)] 

Here, γ is the discount factor and τ represents the trajectory from the policy πθ. 

2.5 Implementation and Statistics 

We performed all experiments on a cluster with 8 NVIDIA A100 GPUs (80GB). We used 

PyTorch and DeepSpeed for the implementation. The learning rate was 1×10-6 and the batch 
size was 64. We repeated the evaluation five times with random seeds to ensure reliability. 
We used a t-test to compare the results of the MAPoRL2 group with the baselines. We 
considered ap-value less than 0.05 to be statistically significant. 

3.Results and Discussion 

3.1 Comparative Performance Analysis  

We compared the MAPoRL2 framework with three baselines: Single-Agent SFT, Single-Agent 
RL, and Inference-Only Multi-Agent collaboration. The MAPoRL2 model showed a statistically 
significant improvement in accuracy across all five benchmarks. On the mathematical 
reasoning dataset, our method reached 78.4% accuracy. This result is 18.9% higher than the 
Single-Agent SFT baseline. This improvement shows that joint optimization helps agents solve 
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complex problems better than models using only static pre-training or standard 
reinforcement learning. Fig. 1 shows the performance differences among various LLM 
architectures. As shown in the figure, models with advanced reasoning strategies perform 
better than standard baselines in tasks requiring high precision. Our results agree with these 
findings. They confirm that structured interaction during post-training reduces error rates 
[19,20]. 

 

Figure 1 Performance comparison of different Large Language Models on literature screening tasks. 

3.2 Analysis of Correction Efficiency 

 In addition to accuracy, we analyzed Correction Efficiency (CE) to see how fast agents find the 
correct solution. In the inference-only setting, agents needed an average of 4.5 turns to agree. 
They often repeated the same points. However, the MAPoRL2 agents reached agreement in 
2.1 turns on average. This shows a 22.4% increase in efficiency. Analysis of the discussion logs 
shows that the optimized agents identify specific logical errors more often. This indicates that 
the verifier-based reward encouraged the model to focus on helpful criticism instead of just 
agreeing. This addresses a limitation often seen in standard cooperative settings [21]. 

3.3 Ablation Studies on Reward Components  

To test the effect of each part of our framework, we performed ablation studies. When we 
removed the discussion loop and used only the verifier, performance dropped by 12% on 
logic-heavy tasks. This shows that peer interaction is needed to detect errors. On the other 
hand, keeping the discussion loop without the verifier reward caused agents to agree on 
wrong answers to get higher coherence scores. These results show that the combination of 
structured discussion and strict verification is important. The results confirm that adding 
more agents is not enough. The interaction process must be optimized using reinforcement 
learning [22]. 

3.4 Comparison with Existing Prompting Strategies 

Finally, we compared MAPoRL2 with prompting strategies like Chain-of-Thought (CoT) and 
Self-Consistency. CoT improves reasoning for single agents by breaking down problems. 
However, our experiments show it often fails to fix initial errors without outside feedback. 
MAPoRL2 combines internal reasoning with external correction. This solves the "error 
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accumulation" problem found in static prompting. Fig. 2 shows the difference in performance 
between standard prompting and CoT reasoning on logical tasks. The figure shows that CoT 
performs much better than standard baselines. Similarly, our method uses a "process-
oriented" feedback loop [23]. However, unlike the prompting shown in the figure, our 
approach saves these behaviors into the model weights. This creates a stronger model that 
does not need manual prompt engineering during use [24]. 

 

Figure 2 Comparison of accuracy rates between standard prompting and Chain-of-Thought (CoT) prompting 
strategies. 

4. Conclusion 

In this paper, we proposed MAPoRL2, a post-training framework that improves multi-agent 
collaboration using reinforcement learning and verifier-based rewards. The results from five 
benchmarks show that this method improves answer accuracy by 18.9% and correction 
efficiency by 22.4% compared to single-agent baselines. Unlike previous methods that use 
inference-time prompting, our approach integrates collaborative skills directly into the model 
parameters. This reduces reasoning errors and hallucinations. These findings indicate that the 
framework is suitable for complex tasks, such as mathematical reasoning and code generation, 
where self-correction is important. However, the computational cost of simulating multi-turn 
dialogues during training is high. Future research should focus on improving data efficiency 
and testing the method on larger multi-agent systems to verify its scalability. 
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