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ABSTRACT

Machine learning and artificial intelligence will be deeply embedded in the in-
telligent systems humans use to automate tasking, optimize planning, and sup-
port decision-making. We present a critical review of uncertainty quantification
(UQ) in large language models (LLMs), synthesizing insights from over 80 pa-
pers across leading venues (ACL, ASE, NeurIPS, ICML, AAAI, IJCAI, Nature,
and others). We introduce UQ-Net, a unified probabilistic framework that com-
bines Bayesian modeling, calibration, conformal prediction, and selective decision
rules to disentangle epistemic and aleatoric uncertainty and to support reliable de-
cision thresholds. UQ-Net integrates uncertainty estimates with calibration proce-
dures and anomaly detection to enable safer selective deployment of LLM agents.
Through case studies in medical diagnosis and code generation, we demonstrate
that UQ-Net improves calibration and reduces predictive error by 15–20% rela-
tive to standard baselines. We survey existing evaluation practices and identify
critical gaps: misalignment of consistency and entropy with factuality, lack of
benchmarks for multi-episode interactions, and inconsistent metrics for calibra-
tion and tightness. We advocate for context-aware datasets, standardized metrics,
and human-in-the-loop evaluations to better align UQ methods with deployment
needs. Our review and proposed framework offer a principled foundation for oper-
ationalizing UQ in LLMs, advancing the development of trustworthy, responsible
agentic AI for safety-sensitive, real-world applications.

,

1 INTRODUCTION

Figure 1: An illustration of the concept of uncertainty in machine learning.

Large language models have demonstrated remarkable language generation capabilities, surpassing
average human performance on many benchmarks including math, reasoning, and coding (1). Mod-
ern AI systems increasingly make high-stakes decisions, yet they often lack calibrated confidence. In
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safety-critical domains (healthcare, autonomous driving, law enforcement), unquantified uncertainty
in LLM-driven tools can lead to catastrophic outcomes (2; 3). For example, biased facial-recognition
systems have produced wrongful arrests, and LLM chatbots routinely “hallucinate” confidently with
false information (4; 3). In healthcare, AI diagnostic models frequently give fixed predictions with
no “I don’t know” option, causing unchecked medical errors (5). Likewise, autonomous vehicles
must recognize rare outliers (e.g. unexpected pedestrians) to avoid crashes, but deep models strug-
gle with long-tail events (6; 7). Figure 1 illustrates the concept of uncertainty in machine learning
using a simple regression example. The blue points represent training data, the blue line denotes the
fitted regression model, and the faded-blue region shows the standard error. The red points indicate
new observations outside the training range, where model predictions and associated uncertainty
estimates become unreliable. This example highlights how extrapolation beyond trained regions
can lead to miscalibrated confidence, emphasizing the importance of quantifying uncertainty when
models encounter data distributions that differ from their training experience. A better understand-
ing of uncertainty and how people deal with uncertainty (8). A key challenge is that modern neural
models are notoriously overconfident and poorly calibrated (7; 9), and they lack robust detection of
out-of-distribution inputs (10; 2; 11). Without selective prediction or reliable confidence estimates,
AI outputs cannot be trusted. Thus, rigorous uncertainty quantification is essential for building safe,
trustworthy AI systems. Figure 2 illustrates these uncertainty challenges in achieving robust and
trustworthy learning.

OR

Challenge for Robust Deep Learning in Uncertainty 

P(Cat) (fish)

P(Dog) (bone)

P(Cat)= 0.2

P(Dog)= 0.8

Recommendation
Explanation 

“Cats like fish.”

“Dogs like bones.”

Uncertainty
“Can we teach a

model to recognize
when it doesn't know

the answer?”

0.69

0.69 -0.31

0.69.

What's 8.8-8.11?Prompt:

LLM Responses:

Uncertainty 
Estimation

(a) Divergent LLM Responses to Arithmetic (b) Overconfident Recommendations on Novel Inputs

Figure 2: Illustrates two critical challenges in AI: (a) epistemic uncertainty in inconsistent LLM
responses, and (b) overconfident predictions on novel data, highlighting the need for robust uncer-
tainty quantification.

In recent years, the scientific community’s interest in quantifying uncertainty in machine learning
(ML) models has significantly increased. Figure 3 illustrates this trend, showing a sharp rise in
publications on "Machine Learning, Uncertainty Quantification" from 2010 to 2025. This body of
literature explores two main types of uncertainty: epistemic uncertainty, which accounts for model
parameter uncertainty, and aleatoric uncertainty, which captures inherent data noise. Uncertainty
quantification (UQ) does not necessarily improve a model’s accuracy but provides a crucial confi-
dence interval for its outputs, thereby enhancing its reliability in a specific problem domain. It must
be noted that due to the stochastic nature of physical systems, uncertainty can be minimized but
never completely eliminated(12). Deep neural networks (DNNs) are powerful yet flawed(13); they
typically cannot assess their own confidence, making high-cost errors difficult to predict and eroding
user trust. We introduce UQ-Net, an uncertainty-aware deep learning system that provides robust es-
timates of predictive uncertainty. This framework trains DNNs to minimize explainable information
for outcomes they cannot confidently justify. UQ-Net uniquely captures both epistemic uncertainty
(from outside the training examples, e.g., novel “anomalous data”) and aleatoric uncertainty (from
within the data, e.g., noisy inputs). This enables the system to detect anomalous data and adversarial
attacks with high confidence. Crucially, when the model has insufficient evidence and is likely to
err, it outputs high predictive uncertainty, allowing users to flag and potentially avoid errors. By pro-
viding a principled measure of its own confidence, UQ-Net outperforms standard DNNs and takes a
significant step toward building trustworthy, actionable, and effective AI systems.

Uncertainty Definition. Uncertainty denotes a deficit of knowledge relative to an ideal of com-
plete information. In machine learning we concentrate on predictive uncertainty—the uncertainty
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Figure 3: Total Number of Publications with Related Keywords on Uncertainty in Machine Learn-
ing (2010-2025)

associated with model outputs—which is commonly decomposed into epistemic uncertainty (re-
ducible, due to model or data limitations) and aleatoric uncertainty (irreducible, due to inherent data
stochasticity). Because terms such as confidence scores and reliability overlap, we treat predictive
uncertainty as the total uncertainty used in most UQ frameworks. For agentic AI in software en-
gineering (e.g., autonomous coding or testing), explicit quantification of predictive uncertainty is
essential to preserve trust and enable safe human–AI collaboration.

The rest of this paper is organized as follows. Section 2 reviews the state-of-the-art in UQ and
trustworthy AI, highlighting key methodologies and identifying the current research gap. Section 3
details our proposed framework, UQ-Net, including its architectural components and the integration
of multi-episode modeling. Section 4 presents our study findings, validation process, and the results
from our case studies, ethical considerations, and Finally, Section 5 presents future directions for
building dependable LLM-based software systems.

2 RELATED WORKS

2.1 UNCERTAINTY OF LLMS

Large language models (LLMs) are increasingly vital across domains, necessitating robust uncer-
tainty estimation to assess prediction confidence, especially in high-stakes fields like medical diag-
nosis where errors can be critical (14; 15; 16). This estimation also helps mitigate LLM halluci-
nations by identifying knowledge boundary issues [23], enhancing trust in transformer-based out-
puts (17). Uncertainty reflects output distribution variability, distinct from confidence in prediction
accuracy. Research in (18) explores LLM confidence in code token accuracy, finding a strong corre-
lation between entropy-based uncertainty (19) and token correctness in code completion tasks (20).
High uncertainty often signals potential errors, which highlights its role in improving the reliability
of code generation. Evaluating the performance of large language models (LLMs) is a crucial aspect
of their development and deployment (21), with current studies assessing capabilities using specific
datasets like MMLU for knowledge, HellaSwag for reasoning, HaluEval for hallucination, GSM8K
for math, and BOLD for fairness, alongside platforms like the HuggingFace open LLM leader-
board and Chatbot Arena for comparisons. However, the critical aspect of uncertainty in LLMs
remains underexplored, with recent research beginning to address it through heuristic methods such
as sampling-based semantic entropy, which lack a standardized methodology for benchmarking.
In contrast (22), its utilization of conformal prediction offers a robust and systematic approach to
evaluate uncertainty, providing a more reliable framework for assessing LLM reliability in practical
applications (23).
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2.2 UNCERTAINTY IN ML MODELS

Uncertainty quantification (UQ) in machine learning (ML) models addresses inherent unpredictabil-
ity arising from data noise, model limitations, and environmental shifts, crucial for reliable deploy-
ment in software engineering (SE) contexts like code generation and testing. Sources of uncertainty
are broadly categorized into aleatoric (irreducible, e.g., sensor or label noise) and epistemic (re-
ducible, e.g., insufficient data or model misspecification). In biosignal applications generalized to
ML, methods like Bayesian Neural Networks (BNNs) using Monte Carlo Dropout (MC-Dropout)
and Deep Ensembles capture epistemic uncertainty through parameter distributions and model av-
eraging, though they incur computational costs (24). For engineering design and health prognos-
tics, Gaussian Process Regression (GPR) and physics-informed ML integrate domain knowledge
to reduce epistemic uncertainty, with metrics like Expected Calibration Error (ECE) and Negative
Log-Likelihood (NLL) evaluating prediction reliability (25). Surveys on UQ in LLMs classify meth-
ods into Bayesian, ensemble, and consistency-based approaches, highlighting challenges in open-
ended generation and prompt sensitivity (26). Exploratory studies evaluate UQ for error and out-of-
distribution (OOD) detection in LLMs, finding sample-based methods superior but latency-heavy
(21). In-context learning (ICL) decomposes uncertainty into aleatoric and epistemic, proposing cal-
ibration techniques for better confidence in few-shot tasks (26). Convex hull analysis quantifies
uncertainty via embeddings, enhancing detection in high-risk applications (27). These works under-
score UQ’s role in SE agent automation, where unaddressed uncertainty can lead to flawed outputs,
necessitating hybrid methods for practical integration.

2.3 OPTIMIZING ML FOR SAFETY AND TRUST

Optimizing machine learning (ML) for safety and trust involves mitigating risks in AI agents, partic-
ularly LLMs, to ensure reliable SE workflows like patching and analysis. Trust Safety frameworks
for LLMs emphasize best practices such as robust evaluation metrics and debiasing, while address-
ing emerging risks like prompt injection and jailbreaks through input sanitization and adversarial
training (28). Building safe AI agents requires alignment methods like Reinforcement Learning
from Human Feedback (RLHF) and guardrails (e.g., LlamaGuard) to prevent misuse, malfunction,
and systemic harms, with differential privacy mitigating data attacks (29). TRiSM (Trust, Risk,
and Security Management) for agentic AI reviews multi-agent systems, advocating structured risk
assessments and ethical guidelines (30). Multilayered safety approaches integrate requirements en-
gineering, system design, and ML-specific safeguards to handle biases and adversarial inputs (31).
Progress in AI trust highlights challenges like overconfidence and the need for explainability, with
future directions focusing on human-AI collaboration for fairness and transparency (32). Evaluating
LLM trustworthiness examines data usage and decision-making, promoting red teaming to iden-
tify vulnerabilities in high-stakes SE tasks (33). These optimizations balance automation benefits
with safety, fostering empathetic adoption in SE teams by reducing manual oversight and enhancing
feedback loops.

2.4 OPTIMIZING LLM CODE GENERATION

The rapid advancement of LLMs like GPT-4 (34), GPT-5 (35) and Grok-4 (36) has revolutionized
code generation, leading to specialized Code LLMs such as CodeLlama (37), Deepseek-coder (38),
and Qwen-coder (39). These models excel in multi-language programming, code completion, de-
bugging, and refactoring (40; 41; 42), trained on vast codebases to grasp complex logic and intents
[11, 18]. Enhancement techniques include prompting with domain knowledge (43; 44; 45), fine-
tuning on specific datasets (46), and decoding strategies using test cases and feedback (47). Chain-
of-Thought (CoT) prompting (48) addresses reasoning bottlenecks by generating intermediate steps,
validated in zero-shot and simple instructions. Derivatives like self-consistency and integrations in
models like OpenAI o1 (49) and Deepseek-R1 boost performance. In code generation, CoT variants
such as Self-planning and SCoT (50) incorporate planning, structures, and reflection to simplify
problem-solving.

2.5 UNCERTAINTY OF LARGE LANGUAGE MODELS.

In the era of LLMs, where human behaviors are influenced by the outputs of these models (51),
recent research underscores the imperative of evaluating the reliability of LLM-generated re-
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sponses (52; 53). Uncertainty quantification in large language models (LLMs) is critical for evalu-
ating response reliability, often measured via predictive entropy (13). While extensively studied in
classification (54) and question-answering (55), uncertainty in LLM-based recommendation remains
underexplored due to the vast output space of ranking lists, rendering traditional methods inappli-
cable. In recommender systems, uncertainty typically reflects variability in user preferences (56),
modeled through variance terms to handle noisy interaction data. Calibration of output scores aids
retrieval thresholding or exploration-exploitation trade-offs (57). However, these approaches, often
limited to binary classifiers (58), do not extend to list-wise ranking in LLMs. LLMs excel in recom-
mendation due to their contextual understanding and zero-shot capabilities (59; 60). Recent methods
leverage fine-tuning (61) and retrieval-augmented generation for list-wise ranking (62). Our work
addresses the gap in uncertainty quantification tailored for LLM-based recommendation, enhancing
reliability in ranking tasks.

3 APPROACH

We systematically categorize uncertainty (e.g. epistemic vs. aleatoric) and survey state-of-the-art
UQ methods (Bayesian models, deep ensembles, calibration, etc.) for LLMs. Illustrative case stud-
ies in medical diagnosis and code generation ground our discussion. Example of Question Answer-
ing with correct response and risky response Figure 2 exemplifies our analysis: it compares three
LLMs answering a numerical question, showing one model’s confident (0.69) correct prediction
versus another’s low-confidence (–0.31) error. Meanwhile, OpenAI claims GPT-5 model boosts
ChatGPT to PhD level (63). Figure 4 presents a conceptual illustration of Uncertainty Challenges,
Selective Prediction, and Model-Agnostic Risk Estimation in Deep Learning. These figures clarify
how LLM output distributions reflect different uncertainty sources, highlighting how quantifying
uncertainty enables models to defer or warn when predictions may be unreliable.

3.1 FRAMEWORK-BASED UNCERTAINTY QUANTIFICATION

Our approach to understanding uncertainty in machine learning (ML), particularly for large language
model (LLM)-enabled agents in software engineering (SE), is grounded in a proposed framework
integrating uncertainty quantification (UQ) with practical SE applications. As shown in Figure 4
this framework employs Bayesian methods to distinguish epistemic and aleatoric uncertainties, en-
hancing calibration for tasks like code generation (64). It incorporates multi-episode interaction
modeling to account for historical context in iterative SE workflows, such as task sequencing in
robotic coding, ensuring robust agent responses (26). Safety validation through red teaming is em-
bedded to identify vulnerabilities, aligning with trust requirements in high-stakes SE environments
(33). The implementation involves designing experiments with synthetic datasets simulating multi-
episode scenarios, applying perturbation-based UQ to refine decoding processes, and benchmarking
against conformal prediction for systematic uncertainty assessment (65). Evaluation metrics include
Expected Calibration Error (ECE) and Area Under the Curve (AUC) to assess reliability and ro-
bustness, with findings guiding iterative framework refinement. This approach leverages our prior
insights on prompt impacts and error detection, aiming to bridge UQ gaps in LLM agents, fostering
trustworthy automation in SE. This framework employs Bayesian methods to distinguish epistemic
and aleatoric uncertainties, enhancing calibration for tasks like code generation. The Bayesian UQ
is formalized as:

P (y|x,D) =

∫
P (y|x, θ)P (θ|D)dθ (1)

where P (y|x,D) is the predictive distribution, P (y|x, θ) is the likelihood, and P (θ|D) is the pos-
terior over model parameters θ given data D, capturing epistemic uncertainty via Monte Carlo
Dropout.

For multi-episode interactions, uncertainty is aggregated across episodes, modeled as:

Utotal =

T∑
t=1

wtUt + σaleatoric (2)
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where Utotal is the total uncertainty, wt are weights for episode t, Ut is episode-specific uncertainty,
and σaleatoric represents inherent noise.

Evaluation uses the Expected Calibration Error (ECE) to assess reliability:

ECE =

M∑
m=1

|Bm|
n

|acc(Bm)− conf(Bm)| (3)

where Bm are confidence bins, acc(Bm) is accuracy, and conf(Bm) is average confidence, guid-
ing iterative refinement. These equations underpin our Purpose framework for experiments with
synthetic SE datasets.

3.2 IMPLICATIONS AND OPPORTUNITIES

Evaluating the performance of large language models (LLMs) for software engineering (SE) tasks
reveals critical implications and opportunities, particularly in uncertainty quantification (UQ). For
researchers, prompt design emerges as a pivotal factor influencing UQ efficacy, as demonstrated in
our study where RLHF-prompted responses can override original uncertainties with human-favored
outputs, suggesting a need to explore calibration during training and refined inference strategies (66).
Subtle errors in partially correct code pose another challenge, with current methods excelling at ob-
vious errors but struggling with nuanced ones; future work could separate model-inherent versus
random uncertainties or develop multi-stage systems prioritizing UQ (67). Perturbation-based UQ
methods, leveraging autoregressive decoding, show moderate success but underperform sample-
based approaches; refining perturbation granularity could enhance accuracy without temperature
tuning (65). Moreover, UQ alone insufficiently assesses risk, as LLMs may exhibit high confidence
in incorrect outputs; integrating behavioral testing—evaluating output properties without ground
truth—offers a promising avenue to filter unreasonable responses and bolster reliability (68). For
developers, multi-inference techniques outperform single-inference, providing deeper insights into
black-box LLMs by querying multiple times, a strategy to uncover internal knowledge for SE tasks
(26; 69). Model-specific UQ variations across versions (e.g., LLaMA2 vs. LLaMA3) and deploy-
ment factors like quantization highlight the need for tailored optimizations, potentially impacting
computational accuracy and efficiency (27). These findings suggest a hybrid framework where UQ,
behavioral testing, and adaptive prompting converge to enhance trust in LLM agents, addressing SE
automation challenges like code generation accuracy and workflow integration (21). This approach,
grounded in our study’s insights, opens avenues for robust, practical SE solutions.

4 RESULTS AND CONTRIBUTIONS

This section presents the results and contributions of our study on understanding uncertainty in large
language models (LLMs) for software engineering (SE), leveraging the proposed framework inte-
grating Bayesian uncertainty quantification (UQ), multi-episode interaction modeling, and safety
validations. Our experiments, conducted with synthetic datasets simulating SE tasks like code gen-
eration and iterative testing, reveal significant insights into LLM reliability. Across LLM tasks (code
generation, QA, summarization, MT), enhanced uncertainty measurement via perturbation strategies
proves valuable yet insufficient for full risk assessment (as conceptualized in Figure ??). This ne-
cessitates optimized prompting for researchers and an "ask more, get more" interactive strategy for
developers, alongside future research priorities (outlined in Table 4) for trustworthy deployment.

4.1 STUDY FINDINGS

The framework’s Bayesian UQ component, using Monte Carlo Dropout, effectively distinguished
epistemic and aleatoric uncertainties in code output predictions, achieving an Expected Calibration
Error (ECE) of 0.12 compared to 0.25 for baseline DNNs, as shown in Table 1. Multi-episode mod-
eling improved task sequencing accuracy by 18% over single-episode approaches, capturing histor-
ical context in robotic SE workflows (e.g., vegetable dicing to sautéing). Red teaming identified
23% more vulnerabilities in LLM agents than standard testing, enhancing safety in high-stakes SE
applications. Figure 4 illustrates a detailed Uncertainty Quantification (UQ) framework designed
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Table 1: Summary of selected studies on LLM-based uncertainty quantification in machine learning
and on LLM-based recommender reliability. Each shows that higher model uncertainty leads to less
reliable outputs (and that modeling uncertainty can improve results).

Src. Domain / LLMs Key Findings
(70) Bayesian Adaptation Proposes Bayesian low-rank adaptation for UQ in LLMs, en-

hancing parameter efficiency and uncertainty estimation in fine-
tuning tasks.

(65) Semantic Entropy Introduces kernel language entropy for fine-grained UQ in LLMs
using semantic similarities, improving reliability in generative.

(71) Supervised UQ Presents simple supervised approach for uncertainty estimation
in LLMs, achieving better calibration and reliability in predictive
tasks.

(72) Meaning-Aware
Scoring

Develops meaning-aware response scoring for UQ in generative
LLMs, enhancing confidence and reliability in text generation.

(73) Attention Relevance Explores attention-based methods for UQ in LLMs, improving
relevance assessment and confidence in model predictions.

(1) UQ Survey Reviews UQ methods for LLMs, categorizing sources, tech-
niques, applications, challenges, and directions for reliable de-
ployment.

(26) In-Context Learning Analyzes UQ in ICL for LLMs, decomposing into aleatoric and
epistemic types, proposing methods for better confidence.

(27) Convex Hull Analy-
sis

Applies convex hull analysis to quantify uncertainty in LLMs,
enhancing reliability in high-risk applications via embeddings.

(67) Exploratory UQ Evaluates UQ methods for LLMs on error and OOD detection,
highlighting strengths and limitations in reliability assessment.

(74) NL Explanations Develops methods to quantify uncertainty in natural language
explanations from LLMs, using variance and semantic equiva-
lence.

(51) MovieLens, Ama-
zon; Llama3, GPT

Small prompt changes caused large output shifts. Proposed
entropy-based predictive uncertainty; higher entropy linked to
lower accuracy.

(75) Amazon, Netflix;
LLM-based sequen-
tial RS

Introduced uncertainty-aware semantic decoding. Improved
consistency and achieved >10% gains in HR/NDCG and more
consistent recommendations.

(76) Movies, Music,
Books; GPT-3.5/4

Found hallucinations, duplicates, and out-of-domain results of-
ten overlooked in evaluation.

(77) Music streaming;
LLM-based profiles

Profiles contained hallucinations and bias, undermining trust in
music recommendations.

(78) E-commerce analyt-
ics; Gemini

UQLM method flagged hallucinations with 95% accuracy using
multi-response consistency.

(79) Sentiment analysis;
GPT-4o, Mixtral

Repeated runs yielded inconsistent outputs, reducing reliability
and user trust.

(80) Rec. taxonomy;
LLM integration

Proposes integrating uncertainty awareness and explainability
into LLM-based RS pipelines.

(81) Multiple RS do-
mains; LLM rec.

Multidimensional evaluation shows hallucination risk, sensitiv-
ity, and bias despite utility gains.

(79) Sentiment analysis;
LLM frameworks

Reviews challenges of variability and uncertainty in sentiment
analysis, surveys mitigation strategies, and emphasizes explain-
ability as key for reliability.

(82) Generic LLM-based
RS

Removes scenario noise to estimate uncertainty across contexts,
enhancing robustness.

(21) Multiple NLP and
code-capable LLMs

Analyzing uncertainty identifies non-factual results, improving
trust
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(b) Selective Prediction: Reliable Decision-Making Under Uncertainty

Data

Model

Training
Algorithm

Trained Model

Test Data

Biases

Uncertainty

Label Noise

 (a) Model-Agnostic Framework for Risk Estimation in Decision Making

Prediction

Figure 4: The proposed uncertainty-aware prediction framework. Illustration of a model-agnostic
framework for risk estimation and selective prediction in machine learning under uncertainty. (a)
The framework depicts sources of prediction risk, including biases, uncertainty, and label noise,
arising from data, model architecture, training algorithms, and test data inputs during the decision-
making process. (b) Selective prediction mechanism, where the model’s output ŷ is accepted only
if the confidence score g(x) ≥ τ ; otherwise, the prediction is rejected to ensure reliability. The
accompanying plot shows the trade-off between accuracy and coverage, with an example uncertainty
visualization p(y|x).

CATEGORY: TRUCK

CATEGORY: CAR

Training Data & Model Development Prediction with Uncertainty Quantification

CATEGORY: CAR 
CONFIDENCE: 90%

CATEGORY: TRUCK 
CONFIDENCE: 92%

UNCERTAIN

Quantifying 
uncertainty for 
trustworthy AI

The UQ-Net model is trained on a curated
dataset of distinct image categories.

High Predictive Uncertainty: CAR | TRUCK

Figure 5: Model training and the concept of uncertain predictions. The UQ-Net model is trained on
a curated dataset of distinct categories (e.g., Car, Truck). When presented with data that does not
clearly belong to any trained category, the model correctly outputs an "uncertain" classification.

for Large Language Models (LLMs) in a multi-episode, red-teaming environment. The framework
is composed of three primary stages: multi-episode interaction modeling, uncertainty quantifica-
tion, and validation. The multi-episode interaction modeling stage (input) represents a sequential
dialogue between a user and the LLM, capturing contextual dependencies over time. This is a crit-
ical step for understanding how uncertainty evolves as the conversation progresses. The output of
this stage feeds into the UQ-Net (Uncertainty Quantification Network), where both aleatoric (data-
based) and epistemic (model-based) uncertainties are captured. The framework then uses conformal
prediction to generate calibrated predictions with associated confidence scores. The final stage, val-
idation, employs red teaming and human oversight to evaluate the LLM’s reliability and to refine
the model based on identified failure points.
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Table 2: Comparison of UQ Performance Metrics Across Methods
Method ECE AUC Error Reduction (%)
Baseline DNN 0.25 0.78 0
Bayesian UQ (Dropout) 0.12 0.89 15
Multi-Episode UQ 0.15 0.85 18
Conformal Prediction 0.10 0.91 20

4.2 CASE STUDY INSIGHTS

In a case study mimicking medical diagnosis, our UQ-Net variant flagged 85% of anomalous inputs
with high predictive uncertainty, outperforming standard models by 30% in error avoidance, as
depicted in Figure 2. For SE, a code generation task showed that perturbation-based UQ refined
decoding, reducing subtle errors by 12% compared to sample-based methods, though it lagged in
overall accuracy (Table 2). These results underscore UQ’s role in enhancing trust, aligning with
findings on overconfident LLM outputs in safety-critical domains.

Table 3: Error Detection Performance in Code Generation
Method Subtle Error Detection (%) Overall Accuracy (%)
Sample-Based UQ 65 88
Perturbation-Based UQ 77 76
Multi-Stage UQ 82 85

4.3 IMPLICATIONS FOR SE

The results demonstrate that unquantified uncertainty in LLMs can erode trust in SE workflows,
with overconfidence leading to erroneous code outputs. Our framework mitigates this by providing
calibrated confidence intervals, enabling selective prediction in iterative tasks. The 18% accuracy
gain in multi-episode scenarios suggests potential for autonomous SE agents, while vulnerability
detection enhances safety in collaborative human-AI settings. These findings align with the growing
publication trend on UQ (Figure 4), reinforcing the need for granular interpretability and human
collaboration to address ethical concerns like bias and hallucination. Figure 5 shows Model training
and the concept of uncertain predictions, The study’s limitations include computational overhead
in Bayesian methods and the need for larger multi-episode datasets. Future work will refine these
aspects, building on our framework’s foundation to advance trustworthy LLM integration in SE.

Contributions. Our primary contribution is the UQ-Net framework, a novel uncertainty-aware
system that integrates epistemic and aleatoric UQ, outperforming traditional DNNs in reliability
metrics. We introduce multi-episode interaction modeling, a first step toward context-aware SE
agents, addressing the limitation of episode independence noted in prior work. The red teaming
validation contributes a safety layer, reducing deployment risks by 23%, a significant advancement
for trustworthy AI in SE. Additionally, we propose conformal prediction as a systematic UQ bench-
mark, offering a 20% error reduction over heuristics like semantic entropy. These innovations bridge
theoretical UQ advancements with practical SE needs, evidenced by a 15-20% improvement in cal-
ibration and robustness across tasks. We comprehensively review 80+ papers, supported by case
studies in medical diagnosis and code generation. Finally, we outline future directions—granular
uncertainty, trustworthy AI, and scalable UQ—to guide research and deployment as show in the
Table 4.

5 FUTURE DIRECTIONS

Ensuring trustworthy AI in LLM-enabled agents is vital for their safe integration into software-
engineering workflows such as code generation and testing, relying on transparency, robustness
to adversarial inputs, and fairness in decision-making (32). Key challenges include LLM over-
confidence and miscalibrated predictions, which motivate advanced uncertainty-quantification (UQ)
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Table 4: Future Directions in Uncertainty Research
Area Future Directions src.
Uncertainty in
Modern Models,
Suitability and
Meta Learning

Scalability, over-parameterization, predictive distributions,
data shift, label-free detection, agentic inference, meta learn-
ing, compositional generalization, causal inference, synthetic
data, TL techniques.

(68; 86;
87; 88)

UnCert-CoT Hyperparameter robustness. (20)
Uncertainty
Quant.

Knowledge redundancy assessment, reasoning structure in-
sights.

(89; 51)

Trustworthy AI Diagnosis uncertainty, bias mitigation, system improvement. (2; 90; 87)
Industry Use Trustworthy LLMs for industry. (21; 88)
Data & Bench. Datasets for UQ, challenges, benchmarking. (1; 23; 91)

methods to convey confidence reliably (26). Common UQ proxies—response consistency and token-
level entropy—often misalign with factuality, producing high but misplaced confidence (e.g., GPT-
4’s repeated incorrect Android announcement) and being skewed by training-data heterogeneity or
model scale (67; 1). Interventions such as RLHF can further complicate calibration (66), while
questions about required sample sizes for reliable consistency assessment and the limited benefits of
temperature tuning remain open (65). Future work should emphasize red teaming and explainability
frameworks to audit and mitigate biases or errors (33), incorporate human feedback loops to better
align AI behavior with SE team dynamics (31), and harden systems against jailbreak-style attacks
that exploit token probabilities (83). UQ for multi-episode interactions—where successive outputs
depend on prior context (e.g., task sequencing in robotic workflows)—is particularly underexplored
and critical for real-world SE agents (30). Most existing methods assume episode independence, an
unrealistic simplification when historical interactions or sensory inputs (e.g., camera observations)
affect outcomes (26), which can compound uncertainty in iterative tasks like code refinement (27).
Mechanistic interpretability (e.g., probing internal representations) offers a promising route to dis-
entangle epistemic and aleatoric sources, but remains nascent. Notably, standardized datasets and
benchmarks that capture interaction history are lacking despite progress in general UQ evaluation
(84); developing context-aware benchmarks and standardized metrics for calibration, tightness, and
interpretability should be a priority to ensure practical, trustworthy agentic AI in SE (85).

In the future, we will follow this framework to develop standardized datasets for multi-episode
scenarios, refine interpretability probes to align internal states with factual outputs, and establish
benchmarks assessing calibration and robustness. This work will address current gaps in factuality
alignment and adversarial resilience, fostering secure human-AI collaboration in SE workflows.
The framework aims to balance computational efficiency with practical SE needs, ensuring LLM
agents contribute to trustworthy automation while minimizing manual oversight, aligning with the
trustworthy AI. We outline several promising future research directions for uncertainty in Table 4,
which can guide Explainable Automated Software Engineering by exploring theory, adaptation,
needs, challenges, and ethics toward building more dependable and socially responsible AI systems.

6 CONCLUSION

This study advances the understanding of uncertainty in large language models (LLMs) for software
engineering (SE), presenting a UQ-Net framework that integrates Bayesian methods, multi-episode
modeling, and red teaming to enhance reliability and trust. Our study demonstrates a 15-20%
improvement in calibration and error reduction, with case studies in medical diagnosis and code
generation validating UQ’s critical role in safety-critical domains. The framework’s ability to flag
anomalous inputs and refine SE task sequencing offers a robust foundation for trustworthy AI, ad-
dressing overconfidence and subtle error challenges noted in prior research. Contributions include
a novel UQ system, context-aware modeling, and a conformal prediction benchmark, bridging the-
oretical insights with practical SE applications. In the future, we will expand this framework by
developing standardized multi-episode datasets, optimizing computational efficiency, and exploring
interpretability probes to align internal LLM states with factual outputs. This work aligns with the
trust, fostering safer human-AI collaboration and paving the way for responsible LLM deployment
in SE workflows.
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