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Abstract

Decision-making processes involving LLM agents are often susceptible to uncertainty
arising from ambiguous inputs and stochastic generation behavior. To address this
issue, this study proposes an uncertainty-aware reinforcement learning framework
that incorporates Bayesian reward estimation and entropy-regularized policy updates.
The approach is validated on a benchmark consisting of 9,600 tasks with varying levels
of input ambiguity, including incomplete instructions and conflicting objectives.
Results indicate that the proposed method reduces error propagation by 28.7% and
improves decision robustness, with task success rates increasing from 68.9% to 80.2%.
Additionally, calibration metrics such as expected calibration error (ECE) decrease by
19.5%, demonstrating improved reliability in agent outputs. The framework provides a
systematic solution for enhancing robustness in LLM-based collaborative systems
under uncertainty.
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1. Introduction

Large language models (LLMs) are no longer limited to single-turn text generation and are
increasingly deployed as interactive agents capable of planning, action execution, tool use, and
sequential decision-making in open environments. This transition has been supported by
early alignment studies showing that model behavior can be improved through instruction
tuning and reinforcement learning from human feedback, as well as by agent frameworks that
connect language models with tools, external memory, and task environments [1]. Recent
research has further shown that explicitly structured post-retrieval inference can improve the
organization, traceability, and reliability of intermediate reasoning processes, highlighting the
importance of structured decision pathways for controllable model behavior in complex
settings [2]. Survey studies also note that LLM agents are increasingly viewed not merely as
generators of text, but as decision-making systems whose effectiveness depends on long-
horizon planning, environment interaction, and performance stability under changing
conditions [3]. This shift has broadened the scope of LLM research from response quality

alone to the broader problem of how language-driven systems can maintain robust behavior
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across sequential and uncertain tasks. An important extension of this development is multi-
agent collaboration. Rather than relying on a single model to solve an entire problem, multi-
agent systems distribute subtasks across multiple agents with different responsibilities,
allowing decision-making to be decomposed into smaller and potentially more manageable
components. Early frameworks such as CAMEL and AutoGen showed that role assignment and
structured communication can improve task decomposition, coordination, and cooperation
efficiency [4]. Subsequent studies extended this idea by organizing agents into workflow-
based systems in which different agents handle specific subtasks within a structured process
[5]. Dynamic collaboration has also received increasing attention, with some frameworks
allowing agent selection and communication patterns to be adjusted during execution rather
than being fixed in advance [6]. Recent surveys summarize that role design, communication
protocols, and coordination control remain central challenges in multi-agent LLM systems [7].
These findings suggest that collaboration offers clear advantages for complex tasks, but they
also indicate that effective cooperation depends heavily on how interaction structures are
designed and controlled. Despite these advances, reliability remains a major concern in LLM-
agent collaboration. In practical tasks, uncertainty may arise from ambiguous instructions,
incomplete observations, conflicting goals, noisy external feedback, and intrinsic randomness
in model generation. Studies on model calibration have shown that LLM outputs may appear
highly confident even when they are incorrect, which makes it difficult to trust downstream
decisions based only on surface plausibility [8]. More recent work on uncertainty estimation
suggests that LLM-based systems introduce additional sources of instability, including
variability in reasoning paths, sensitivity to prompt conditions, and inconsistency across
multi-step generation processes [9]. These problems become more serious in multi-agent
settings because individual errors do not remain isolated. An early misinterpretation or
overconfident decision by one agent may influence later reasoning, alter communication
patterns, and propagate through the collaborative process until the final outcome is affected.
As a result, uncertainty in multi-agent systems is not only a property of isolated outputs, but
also a dynamic factor that shapes coordination quality over time. Recent studies have
therefore begun to examine uncertainty during the decision process rather than only at the
final output stage. In tool-based agent settings, existing work has shown that prompt selection
and execution paths can be distorted by miscalibration, and that better calibration improves
downstream task performance [10]. For multi-step agents, studies on uncertainty
propagation have reported that uncertainty accumulates along the decision trajectory and

cannot be adequately measured from the final step alone [11]. Step-level calibration methods
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have similarly shown that correcting intermediate errors can improve performance in long-
horizon tasks by preventing local failures from becoming trajectory-level deviations [12].
Together, these findings indicate that uncertainty should be treated as an evolving property of
the full decision process rather than as a post hoc confidence issue. This perspective is
particularly relevant for collaborative agent systems, where multi-step dependencies and
inter-agent interactions create more opportunities for local uncertainty to amplify into
broader coordination failure. Reinforcement learning (RL) provides a suitable methodological
foundation for addressing this problem because it optimizes decisions over full trajectories
rather than isolated outputs. Recent studies show a clear transition from prompt-dominated
control strategies toward policy learning based on repeated interaction with environments
[13]. By using reward signals to guide behavior, RL offers a natural way to improve adaptation,
long-horizon planning, and decision consistency in interactive tasks. Even so, current RL-
based approaches still face several limitations in LLM-agent settings. Many environments
provide sparse, delayed, or unstable reward signals, which makes training difficult and often
reduces policy reliability. A number of existing methods also depend on relatively limited
datasets, expert demonstrations, or narrow task settings, which restricts generalization to
new environments and more ambiguous conditions [14]. Related studies have shown that
models trained on narrow experience often fail to maintain stable performance when goals
shift, observations become incomplete, or decision contexts become more uncertain. These
observations suggest that effective learning in LLM-agent systems requires not only policy
optimization, but also reward designs and update mechanisms that explicitly account for
uncertainty. Benchmark studies support the same conclusion. LLM-Coordination showed that
current models still struggle in tasks requiring shared reasoning, synchronized decision-
making, and stable cooperation [15]. MultiAgentBench extended this evaluation to a wider
range of task types and found that final task accuracy alone does not adequately capture
collaboration quality. Existing surveys further note that many current benchmarks remain
limited in scale, environmental variation, or task diversity, making it difficult to evaluate
robustness under uncertain or dynamically changing conditions. This limitation is nontrivial
because coordination failures in realistic systems are often caused not by a single catastrophic
decision, but by the accumulation of small errors across multiple steps and interacting agents.
When uncertainty is not explicitly represented or controlled, early deviations can spread
through communication and influence later decisions in ways that are difficult to detect and
correct. Several important gaps therefore remain in the current literature. Many multi-agent

systems emphasize coordination performance but do not explicitly model uncertainty, which
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weakens robustness when inputs are ambiguous, information is incomplete, or agent goals
are not perfectly aligned. Existing calibration methods mainly focus on single outputs or local
intermediate steps, while uncertainty-aware policy learning in multi-agent settings remains
relatively underexplored [16]. Reinforcement learning has improved adaptability in
interactive environments, yet only limited work combines policy learning with formal
uncertainty estimation in settings that vary in ambiguity, conflict, and sequential dependency
[17]. More broadly, current studies often treat uncertainty analysis, coordination control, and
policy optimization as separate problems, which makes it difficult to develop a unified
account of robust decision-making in collaborative LLM systems. These limitations indicate
the need for a framework in which uncertainty is incorporated directly into the learning
process and used to guide multi-agent decision behavior throughout the trajectory. To
address these issues, this study proposes an uncertainty-aware reinforcement learning
framework for robust decision-making in LLM-agent collaboration. The proposed method
combines Bayesian reward estimation with entropy-based policy updates so that learning
takes into account not only expected outcomes, but also uncertainty arising during the
decision process. In contrast to approaches that assess confidence only after an answer is
produced, the proposed framework treats uncertainty as a trajectory-level signal that
influences policy improvement, coordination behavior, and error control during interaction.
This design aims to reduce error propagation, improve calibration quality, and strengthen
robustness in collaborative decision-making under ambiguous and conflicting conditions. The
framework is evaluated on 9,600 tasks with varying levels of input ambiguity and goal conflict,
allowing a more systematic analysis of how uncertainty affects multi-agent behavior across
different settings. The significance of this study lies in both methodology and application.
From a methodological perspective, it provides a unified way to connect uncertainty
estimation with reinforcement learning for collaborative LLM agents. From an application
perspective, it offers a more robust decision framework for multi-agent systems operating in
environments where ambiguity, conflict, and sequential dependence are unavoidable. By
integrating uncertainty directly into policy learning, this work seeks to advance the

development of more reliable, stable, and interpretable LLM-agent collaboration.
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2.Materials and Methods

2.1 Sample and Study Setting

The study used a synthetic multi-agent decision dataset designed to represent uncertainty in
collaborative tasks. A total of 9,600 task instances were generated and divided into three
levels of input ambiguity: low, medium, and high. Each task included incomplete instructions,
missing information, or conflicting objectives to simulate uncertain conditions. The
environment was defined as a step-based interaction process, where multiple language model
agents operated with partial information. Each task involved 3-5 agents with fixed roles,
including planner, verifier, and executor. Task difficulty was adjusted by changing the number

of constraints, the level of ambiguity, and the number of interaction steps.

2.2 Experimental Design and Control Setup

The experiments included one proposed method and two baseline settings. The proposed
method used uncertainty-aware reinforcement learning with Bayesian reward estimation and
entropy-based policy updates. The first baseline used fixed prompts without policy learning.
The second baseline used reinforcement learning with standard reward signals but without
uncertainty modeling. All methods were tested under the same task conditions. Each
experiment was repeated five times with different random seeds to reduce random effects.
Performance was evaluated using task success rate, error propagation rate, and calibration

metrics.

2.3 Measurement Methods and Quality Control

Task success was defined as the proportion of tasks that met all constraints and objectives.
Error propagation was measured as the number of incorrect intermediate decisions that led
to final failure. Calibration performance was evaluated using expected calibration error,
which measures the difference between predicted confidence and actual accuracy. To ensure
stable results, all experiments used the same model settings, including decoding parameters
and input format. Prompts were kept consistent across all runs. Detailed logs were recorded
for each step, including agent actions and intermediate states. Invalid or incomplete runs

were removed based on predefined rules.

2.4 Data Processing and Model Formulation
The collected data were processed to calculate performance and calibration metrics. Task

success rate was calculated as:
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success
SR=

total

Where NgccessiS the number of successful tasks and Ny, is the total number of tasks.

Expected calibration error was calculated as:

K
" |Bxl
ECE= N |acc(By)-conf(By)|

k=1
Where Byis the set of predictions in bin k, acc(By) is the average accuracy, and conf(By) is the
average confidence. Policy learning used an entropy-based objective to support stable
decisions under uncertainty:

L(B)=E[R]+AH ()
Where R; is the reward, H is the policy entropy, and A is a weighting factor. All metrics were

normalized before comparison.

2.5 Statistical Analysis

Statistical analysis was used to compare results across methods and uncertainty levels. Mean
values and standard deviations were calculated for all metrics across repeated runs.
Differences between methods were tested using independent two-sample t-tests with a
significance level of p<0.05. Effect size was measured using Cohen’s d. In addition, 95%
confidence intervals were calculated to assess result stability. Standard statistical tools were

used, and assumptions of normal distribution and equal variance were checked before testing.

3.Results and Discussion

3.1 Overall performance under uncertain task conditions

The proposed framework showed better overall performance across the full benchmark. The
task success rate increased from 68.9% to 80.2%, and error propagation decreased by 28.7%.
Expected calibration error also decreased by 19.5%, which shows better agreement between
model confidence and actual decision quality. These results indicate that uncertainty-aware
policy learning improved both final task outcomes and the reliability of intermediate
decisions. This result is consistent with recent studies showing that multi-agent LLM systems
become less stable when task conditions are unclear and when cooperation depends on
repeated information exchange. Recent review studies have also pointed out that role design
and coordination structure remain key factors in collaborative LLM performance [18,19]. A
related agent workflow is shown in Fig.1, where planning, tool use, and reflection are assigned

to separate modules within a shared reasoning process.
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Figure 1 Multi-agent collaboration framework with role-based modules for planning, tool use, and reflection.

3.2 Effects of ambiguity level on decision quality

Performance changed with the level of input ambiguity. The improvement of the proposed

method was largest in tasks with incomplete instructions and conflicting goals, while the gain

was smaller in low-ambiguity settings. This pattern is reasonable because unclear inputs

increase the chance that an early wrong action will affect later steps. In such cases, standard

prompt-based systems often produce responses that seem reasonable at the local level but

are not consistent with the overall task. The present findings support recent work showing

that uncertainty in LLM systems is closely related to prompt complexity and response

variation [20,21]. A comparable pattern is illustrated in Fig.2, where uncertainty values

increase with prompt difficulty and generation temperature across several language models.
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Figure 2 Changes in model uncertainty under different prompt types and temperature settings.
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3.3 Robustness and calibration behavior

The decrease in expected calibration error is important because robust collaboration depends
on more than task completion alone. A system may reach the correct answer but still show
poor reliability if intermediate confidence does not match true correctness. In the present
study, the lower calibration error indicates that the proposed framework produced more
reliable decision signals during collaboration. This result agrees with recent studies showing
that uncertainty in LLM systems should be examined across the full decision process rather
than only at the final output stage. Research on process-level uncertainty has shown that
ambiguity, decoding randomness, and variation in reasoning paths can build up over multiple
steps and reduce system reliability [22]. The current results extend this view by showing that
reinforcement learning can reduce this problem when reward estimation includes uncertainty

information directly.

3.4 Comparison with existing studies and remaining limitations

Compared with recent studies, the present framework has two practical strengths. It was
tested on 9,600 tasks with different ambiguity levels, which provides broader coverage than
many recent studies that focus on a single workflow or a limited set of prompts. It also
evaluated both task performance and calibration quality, which gives a more complete view of
system robustness. However, several limitations remain. The benchmark is synthetic, and real
decision settings may include noisier inputs, longer dependencies, and more complex conflicts
among agents. In addition, the current design used fixed agent roles, so it did not test dynamic
role switching during execution. Recent reviews of LLM-agent systems have identified
uncertainty handling, adaptive coordination, and scalable evaluation as open issues, and the
present study still falls within these broader limits. Future work should test the framework in
real interactive environments and examine whether the same uncertainty-aware strategy

remains effective when tool use, memory load, and team structure become more complex.

4.Conclusion

This study evaluated an uncertainty-aware reinforcement learning framework for multi-agent
large language model systems under ambiguous and conflicting task conditions. The results
show clear improvements in task success, error propagation, and calibration performance
when uncertainty is included in the learning process. The use of Bayesian reward estimation
together with entropy-based policy updates helps agents make more stable decisions and
reduces the effect of early errors during multi-step interaction. This approach differs from

standard reinforcement learning methods that rely only on expected rewards, and it provides
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a more reliable way to guide agent behavior in uncertain environments. The findings suggest
that uncertainty-aware policy learning can improve both decision quality and consistency in
collaborative systems. The framework has potential use in applications that require reliable
decision-making under uncertainty, such as automated planning, negotiation systems, and
multi-agent coordination tasks. It can also support cases where inputs are incomplete or goals
are not fully aligned. However, some limitations remain. The experiments were conducted on
a synthetic benchmark, and real-world environments may include more noise and longer
dependencies. In addition, the current design uses fixed agent roles and does not consider
dynamic role adjustment during execution. Future work should test the method in real
applications and explore more flexible agent structures to improve robustness and

generalization.
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