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Abstract. Keywords:
Decision-making in partially observable environments introduces
uncertainty that can degrade coordination performance. This Soft actor-critic;, Uncertainty

study develops an uncertainty-aware reinforcement learning modeling; Partial

framework by integrating soft actor-critic (SAC) with entropy  observability; Multi-agent
regularization and Bayesian value estimation. The approach reinforcement learning;
explicitly models uncertainty in both state representation and Robust decision-making

reward estimation, enabling more stable policy updates.
Evaluation is performed on 10,000 tasks with varying levels of
observation noise and incomplete information, including
negotiation and multi-stage planning scenarios. The proposed
method improves success rate from 69.2% to 81.5% and reduces
variance in cumulative reward by 27.4% compared to standard
SAC. Additionally, calibration metrics indicate better alignment
between predicted and actual outcomes. The results demonstrate
that uncertainty-aware optimization enhances robustness in
collaborative decision systems.

INTRODUCTION

Decision-making in partially observable environments remains a central challenge for
collaborative reinforcement learning because each agent must act on incomplete, local, and
sometimes noisy information while still maintaining effective coordination with others. This
difficulty arises in many practical settings, including negotiation, distributed planning, and
autonomous multi-agent systems, where the full environment state is not directly available to any
single participant. In such tasks, local observations are often insufficient to capture latent task
structure, hidden dependencies, or changes in the surrounding environment. As a result, agents
must make decisions under uncertainty not only at the action stage, but also during state
interpretation and coordination formation. Recent studies show that multi-agent reinforcement
learning (MARL) has achieved encouraging progress in cooperative control, communication
learning, and distributed decision-making, yet several core issues remain unresolved, including
non-stationarity, credit assignment, and weak robustness when observations are uncertain or
incomplete [1]. This challenge is particularly evident in multi-step inference settings, where policy
quality depends heavily on how incomplete information is structured, represented, and propagated

pg. 66


http://fsrma.org.hostajournal.com/index.php/FSRMA/index

FUNDAMENTAL SCIENTIFIC REPORTS IN MULTIDISCIPLINARY AREAS

during sequential decision-making [2]. Existing work on partially observable environments further
indicates that hidden states, missing observations, and sensory noise can significantly weaken
policy performance when uncertainty is not modeled in a principled manner [3]. To improve
learning stability under such conditions, a large body of research has focused on entropy-based
reinforcement learning and actor-critic methods. Maximum-entropy reinforcement learning
promotes broader exploration by encouraging policies to remain sufficiently stochastic during
training, which helps reduce premature convergence to poor local solutions. Within this family,
soft actor-critic (SAC) has become one of the most widely used approaches because of its stable
updates, sample efficiency, and strong empirical performance across continuous and sequential
decision tasks [4,5]. Even so, recent studies suggest that value estimation error remains a major
source of performance degradation. When the critic produces biased or unreliable estimates, policy
updates may become unstable, especially in environments with noisy observations, delayed
rewards, or ambiguous state transitions [6,7]. This problem is more serious in partially observable
settings because the critic must infer long-term value from imperfect state information, which
increases the risk of error propagation during training [8,9]. To address this issue, recent work has
increasingly incorporated uncertainty into value estimation and policy learning. Uncertainty-aware
methods attempt to distinguish reliable learning signals from ambiguous ones so that the policy is
updated more cautiously when observations or returns are less trustworthy. Some studies reduce
the influence of uncertain samples through weighting strategies, whereas others introduce
probabilistic or Bayesian formulations to model uncertainty directly within the value function
[10,11]. These developments suggest that policy performance depends not only on effective
exploration, but also on whether uncertainty is explicitly accounted for during learning. In other
words, stable decision-making under partial observability requires more than a good exploration
mechanism; it also requires an estimation process that can recognize when its own predictions may
be unreliable [12]. In multi-agent systems, this issue becomes even more complicated because
uncertainty is not confined to the environment alone. Each agent must coordinate with others under
changing local observations, incomplete information, and evolving interaction patterns. Errors in
state interpretation may therefore affect both individual action selection and group-level
coordination. Several studies have examined robustness in such settings and reported that ignoring
state uncertainty can reduce coordination quality and weaken collective performance [13,14].
Related research has explored robust and safe MARL under disturbances, environmental
variability, and time-varying observations, showing that uncertainty can strongly affect
coordination outcomes when agents depend on partial information [15,16]. However, much of this
work emphasizes control constraints, safety guarantees, or adversarial robustness, rather than
policy optimization itself under partial observability. As a result, the relationship between
uncertainty modeling and cooperative policy learning is still not fully understood. Another
limitation of the current literature is the restricted scope of empirical evaluation. Many uncertainty-
aware methods are developed for single-agent settings, offline learning, or relatively controlled
benchmarks, and are therefore not directly suited to collaborative decision-making problems
involving multiple agents with coupled objectives [17]. In addition, uncertainty is often addressed
only at the environment level, while its influence on state representation, value estimation, and
reward interpretation during training receives less attention. This is an important gap because
observation noise and missing information do not only affect what agents see; they also influence
how agents encode states, estimate returns, and evaluate coordination quality. Existing evaluations
are also frequently limited to small benchmarks with narrow task variation, which makes it difficult
to judge whether reported improvements can generalize to more complex scenarios involving
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different noise levels, hidden information patterns, and multi-stage interaction structures [18]. For
collaborative decision systems, strong average performance alone is not sufficient. A reliable
method should also produce predictions and value estimates that remain consistent with actual
outcomes when the observation process becomes less certain. These observations indicate the need
for a more comprehensive learning framework in which uncertainty is treated as part of the
cooperative decision process rather than as an external disturbance handled only at the
environment level. For partially observable multi-agent problems, a useful framework should
improve exploration, reduce critic bias, stabilize policy updates, and strengthen the consistency
between predicted and realized returns. It should also remain effective across tasks with different
uncertainty patterns, since real collaborative systems rarely operate under a single fixed level of
noise or information completeness. From this perspective, integrating entropy-regularized policy
learning with explicit uncertainty modeling offers a promising direction for improving robustness
in collaborative reinforcement learning. This study develops an uncertainty-aware reinforcement
learning framework for multi-agent decision-making under partial observability. The proposed
method combines soft actor-critic with entropy regularization and Bayesian value estimation, and
models uncertainty in both state representation and reward estimation. By incorporating
uncertainty into these two components, the framework is designed to improve the stability of
policy updates, reduce variance in learning outcomes, and provide more reliable value estimates
during cooperative training. The method is evaluated on 10,000 tasks with different levels of
observation noise, including negotiation and multi-stage planning scenarios, so that its behavior
can be examined across a broader range of collaborative settings than is common in existing work.
The purpose of this study is to determine whether explicit uncertainty modeling can strengthen
cooperative policy learning in partially observable environments and thereby improve the
robustness of collaborative decision systems. Its significance lies in moving uncertainty treatment
beyond a narrow environmental perspective and embedding it directly into representation learning
and value estimation, two components that strongly influence training stability and policy quality.
Through large-scale evaluation across tasks with varying noise intensity and missing information,
this work aims to provide empirical evidence on how uncertainty-aware learning affects success
rate, reward variance, and agreement between predicted and actual outcomes. In this sense, the
study contributes not only a practical reinforcement learning framework for collaborative systems
with incomplete information, but also a clearer understanding of how uncertainty should be
incorporated into multi-agent learning when reliable coordination under partial observability is the
central goal.

2.Materials and Methods

2.1. Sample and Environment Description

Experiments were conducted in a simulated multi-agent environment with partial observability. A
total of 10,000 tasks were generated. These tasks differed in observation noise and information
completeness. Each task included 3—5 agents. Agents made decisions based on local observations
and did not have access to the full state. The environment followed stochastic transitions to reflect
uncertainty in state changes and rewards. Tasks were grouped by noise level and information loss.
The dataset was divided into training, validation, and test sets with a ratio of 70%, 15%, and 15%.
Task settings varied across episodes to avoid learning fixed patterns.

2.2. Experimental Design and Control Setup

Two methods were tested: standard soft actor-critic (SAC) and an uncertainty-aware version of
SAC. Both methods used the same network structure and training settings. This ensured that
differences in results came from the learning method rather than other factors. The uncertainty-
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aware method extended SAC by including uncertainty in state features and value estimates.
Training conditions were kept the same for both methods, including training steps and batch size.
Each experiment was repeated five times with different random seeds. Results were averaged
across runs. The comparison focused on success rate, reward variance, and calibration.
2.3. Measurement Methods and Quality Control
Three metrics were used: task success rate, variance of cumulative reward, and calibration error.
Task success rate was defined as the ratio of tasks completed within a fixed number of steps.
Reward variance measured the stability of returns across episodes. Calibration error was obtained
by comparing predicted values with actual returns. All results were averaged over repeated runs,
and standard deviations were reported. The same hardware and software setup was used for all
experiments. Hyperparameters were fixed across methods. Early stopping based on validation
results was applied to limit overfitting.
2.4. Data Processing and Model Formulation
Training data consisted of state—action—reward trajectories collected during interaction.
Observations were normalized before being used as input. Rewards were scaled to a fixed range
to avoid unstable updates. Policy learning followed the SAC framework. The objective function is
given by

J(m)=E,2~p[Q(s,2)-0. log 7 (als)]
where Q(s,a) is the value estimate and a controls the entropy term.
Uncertainty in value estimation was modeled using a simple stochastic form:

Q(s,2)=p(s,2)+o(s,a) €

where p(s,a) is the mean estimate, o(s,a) represents uncertainty, and € is sampled from a standard
normal distribution. This form allows the model to reflect uncertainty during training.
2.5. Training Procedure and Implementation Details
Training was performed for 1.2 million interaction steps. A replay buffer was used to store

trajectories. Mini-batches were sampled uniformly for updates. The learning rate was set to 3x 107,
and the discount factor was 0.99. Target networks were updated using soft updates. The entropy
coefficient was adjusted during training to balance exploration and exploitation. The model was
implemented in PyTorch and trained on a GPU. After training, the policy was tested on unseen
tasks with different noise levels to evaluate robustness and generalization.

3.Results and Discussion

3.1. Overall Performance under Observation Uncertainty

The uncertainty-aware method achieved better results than standard SAC across all task settings.
The difference became clearer as observation noise increased. Standard SAC showed a drop in
performance under incomplete information, while the proposed method maintained a higher
success rate. As shown in Fig. 1, performance improved more steadily across different noise levels.
The success rate increased from 69.2% to 81.5%. This suggests that explicit treatment of
uncertainty helps maintain decision quality when observations are limited. Similar patterns have
been reported in recent studies, where policy performance depends on how uncertainty is handled
during learning [19,20].
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Figure 1. Task success rates for SAC and the uncertainty-aware method across noise levels.

3.2. Reward Stability and Policy Robustness

Differences were also observed in reward stability. Standard SAC produced larger fluctuations in
cumulative reward, especially under high noise. The uncertainty-aware method reduced reward
variance by 27.4%. This result suggests that policy updates became more stable when uncertainty
was included in value estimation. In partially observable settings, errors in state perception can
affect value learning and then influence action selection. The present results show that modeling
uncertainty can reduce this effect and lead to smoother learning. This observation is consistent
with earlier work that identifies critic reliability as a key factor in stable actor—critic training
[21,22].

3.3. Calibration Performance under Partial Observability

The proposed method also improved calibration between predicted values and observed returns.
This aspect is important in decision-making under uncertainty. A reliable model should not only
perform well but also produce confidence estimates that match actual outcomes. As shown in Fig.
2, the uncertainty-aware method produced a closer match between predicted and realized returns.
Standard SAC showed larger gaps under noisy conditions. This result indicates that Bayesian value
estimation improves the quality of value prediction under incomplete information [23,24]. Better
calibration can support safer decisions, especially in multi-agent settings where errors may
propagate across agents.
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Figure 2. Predicted values versus observed returns under partial observability.

3.4. Comparison with Existing Studies and Practical Implications

Compared with existing studies, this work focuses on uncertainty in both state representation and
value estimation during learning. Many earlier methods rely on entropy regularization or task-
specific designs, while fewer studies consider uncertainty in both perception and evaluation at the
same time. The results suggest that this combined approach improves policy robustness in partially
observable tasks. However, some limitations remain. The experiments were conducted in a
simulated environment, and the number of agents was limited. The task settings, although varied,
still follow controlled conditions. Future work may include larger systems, richer communication
structures, and real-world data. Despite these limits, the findings support uncertainty-aware
learning as a practical approach for improving robustness in collaborative decision systems.
4.Conclusion

This study examined an uncertainty-aware learning scheme for multi-agent decision tasks under
partial observability. Uncertainty was included in both state features and value estimation. This
setting led to more stable learning and reduced sensitivity to noisy observations. Compared with
standard SAC, the method achieved a higher success rate and lower variance in cumulative reward
across task settings. It also produced value estimates that were closer to actual returns, which
improves reliability under incomplete information. These results show that handling uncertainty
during learning is important for policy quality and stability. The approach can be used in scenarios
such as negotiation, distributed control, and multi-stage planning, where agents act with limited
information. However, several limitations remain. The experiments were conducted in a simulated
environment, and the number of agents was limited. The uncertainty model also relied on
predefined forms. Future work may consider larger systems, more diverse tasks, and adaptive
uncertainty models to improve robustness and scalability.
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