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Abstract- The reliability of modern artificial intelligence (AI) systems critically depends on their ability to quantify 
uncertainty, interpret disagreement and fuse information from multiple models or data sources. While classical machine 
learning emphasised probability calibration for discriminative classifiers, contemporary AI systems increasingly operate 
in open-ended, generative and multimodal settings where uncertainty is semantic, subjective and decision-dependent. 
This survey provides a comprehensive review of uncertainty estimation, disagreement modelling, information fusion 
and selective prediction in modern AI systems. We formalise aleatoric and epistemic uncertainty and review 
foundational evaluation metrics including negative log-likelihood, proper scoring rules and calibration error. We then 
survey uncertainty estimation methods spanning Bayesian neural networks, deep ensembles, calibration techniques, 
consistency-based approaches, conformal prediction, evidential deep learning and semantic uncertainty measures for 
generative models. Disagreement is considered as an informative signal rather than noise, covering ensemble 
disagreement, human annotation variability and multi-agent systems. We review uncertainty-aware information fusion 
techniques for multimodal and multi-model systems, including classical Bayesian fusion, attention-based gating 
mechanisms and modality-dropout strategies. Throughout the survey, we highlight empirical trade-offs between 
computational cost and reliability, provide benchmark-anchored comparisons, discuss evaluation practices, and 
identify open challenges related to scalability, distribution shift, hallucination detection, and decision-theoretic 
integration. The result is a unified reference for researchers and practitioners designing AI systems that are not only 
accurate but reliably aware of their own limitations. 
 
Keywords- Uncertainty Quantification; Disagreement Modelling; Information Fusion; Calibration; Selective Prediction; 
Conformal Prediction; Evidential Deep Learning; Generative Models; Reliable AI. 
 
 
 

1. Introduction  
Assessing the reliability of artificial intelligence (AI) 
systems has long been a central concern in machine 
learning (ML). Traditionally, reliability was closely 
associated with calibration, defined as the alignment 
between a model’s predicted confidence and its empirical 
accuracy [1]. This paradigm has been extensively studied 
for discriminative classifiers and remains foundational for 
uncertainty quantification. Recent advances in large 

language models (LLMs), generative vision systems and 
multimodal agents have fundamentally altered the 
landscape of AI reliability. 
In the aforementioned systems, outputs are drawn from 
open-ended spaces where correctness is semantic rather 
than categorical [2]. As a result, uncertainty arises not 
only from statistical noise, but also from lack of clear 
specifications, ambiguity, subjectivity and model 
limitations. This shift challenges classical notions of 
reliability based solely on scalar confidence scores or 
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token-level entropy, motivating uncertainty 
representations that operate over semantic meaning and 
agreement rather than surface form. 
In parallel, modern AI systems increasingly rely on 
ensembles, pipelines of specialised models, and 
multimodal architectures. Disagreement among models, 
agents and/or human annotators is no longer merely a 
nuisance to be averaged away, but a valuable signal 
reflecting epistemic uncertainty or intrinsic task ambiguity 
[3]. Similarly, robust decision-making requires principled 
mechanisms for fusing information from multiple 
uncertain sources [4]. 
The present review addresses four interconnected pillars 
of modern AI reliability: uncertainty estimation, 
disagreement modelling, information fusion and selective 
prediction. We synthesise theoretical foundations, 
empirical methods and evaluation practices, emphasising 
trade-offs between rigour, scalability and real-world 
applicability. Our contribution is distinct from prior reviews 
in several ways. Gawlikowski et al. [5] provided a 
comprehensive taxonomy of uncertainty methods but did 
not address disagreement modelling or information fusion 
as separate pillars. Abdar et al. [6] explored uncertainty 
quantification techniques with an emphasis on 
applications but gave limited attention to generative 
models and semantic uncertainty. Hüllermeier and 
Waegeman [7] offered a rigorous conceptual treatment of 
aleatoric and epistemic uncertainty but did not cover 
practical methods for large-scale models. To complement 
these studies, the present review contributes by 
integrating all four pillars being uncertainty, 
disagreement, fusion and selective prediction. This and 
covers the recent shift toward semantic uncertainty in 
LLMs, providing a unified reference that bridges classical 
foundations with contemporary developments. 
 

2. Methodology 
 
A systematic literature review was conducted considering 
the PRISMA reporting guidelines [46]. The review was 
conducted using five search engines: Google Scholar, 
Semantic Scholar, arXiv, IEEE Xplore and ACM Digital 
Library using the following keyword groups: (a) 
“uncertainty estimation” OR “uncertainty quantification” 
OR “predictive uncertainty” combined with “deep learning” 
OR “neural networks” OR “large language models”; (b) 
“disagreement” OR “annotator disagreement” OR 
“ensemble disagreement” combined with “machine 
learning”; (c) “information fusion” OR “multimodal fusion” 
combined with “uncertainty”; (d) “selective prediction” OR 
“abstention”. The systematic search covered publications 
from January 2015 to March 2026; seminal earlier works 
(e.g., classical decision theory, Bayesian filtering and 
evidence theory) were additionally included as 
background references through manual citation chaining 
and lie outside the systematic corpus. Where required, 
reference lists of included studies were manually 
searched for additional sources. 

Inclusion criteria were studies that: (i) presented novel 
uncertainty estimation, disagreement modelling, 
uncertainty-aware fusion methods, or selective prediction; 
(ii) published in peer-reviewed venues, or available as 
widely cited and influential preprints; (iii) addressed deep 
learning (DL) systems specifically. We excluded from the 
systematic corpus papers focused exclusively on 
classical statistical methods without neural network 
components (classical foundations are nevertheless 
summarised as background in Section 6.1) and 
application-specific studies without methodological 
contributions. 
The final review corpus comprised 45 papers. Prior to 
data extraction, each paper was appraised for 
methodological transparency using criteria adapted from 
the machine-learning reproducibility checklist [47] (clarity 
of experimental protocol, availability of code and data, 
and completeness of reported evaluation details). Lower-
scoring studies were retained but are interpreted with 
caution. 
The review concentrates on uncertainty quantification, 
disagreement modelling, information fusion and selective 
prediction for discriminative and generative models. 
Adjacent areas, uncertainty in reinforcement learning and 
active learning, Bayesian optimisation, causal 
uncertainty, and uncertainty in retrieval-augmented 
generation, are out of scope, except where individual 
results bear directly on the four pillars. 
 

3. Foundations of Uncertainty in AI 
 
3.1. Aleatoric and Epistemic Uncertainty   
Uncertainty in ML predictions is commonly decomposed 
into two components [8]. Aleatoric uncertainty refers to 
irreducible variability inherent in the data-generating 
process, such as sensor noise or intrinsic ambiguity in 
tasks with multiple valid outputs. This form of uncertainty 
cannot be eliminated even with infinite data. Epistemic 
uncertainty reflects uncertainty due to limited model 
knowledge, arising from insufficient data, model 
misspecification or incomplete coverage of the input 
space [9]. In principle, epistemic uncertainty is reducible 
through additional diverse data or improved modelling 
assumptions. 

Kendall and Gal [10] provided a practical framework for 
decomposing these two forms within Bayesian DL for 
computer vision, demonstrating that aleatoric uncertainty 
can be captured through learned observation noise 
parameters while epistemic uncertainty is estimated via 
approximate posterior inference over model weights. 
Hüllermeier and Waegeman [7] further formalised these 
concepts, noting that the distinction is not always clean in 
practice: in modern DL systems, especially generative 
models, high predictive entropy may reflect either genuine 
ambiguity or lack of model competence, motivating 
explicit modelling approaches [2]. 
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3.2. Evaluation Metrics 
Reliable uncertainty estimation requires evaluation 
metrics that connect probabilistic outputs to empirical 
outcomes. Proper scoring rules assess the quality of 
predictive distributions by rewarding calibrated, sharp 
probabilities [11]. Two widely used proper scoring rules 
are negative log-likelihood (NLL) and the Brier score. 
Given a dataset {(𝑥! , 𝑦!)}from i = 1 to n and predicted 
class probabilities p(y|x), the NLL is: 
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For multiclass classification with one-hot target vector 
𝑦! ∈ {0,1}( and predicted probability vector 𝑝̂! ∈ [0,1](, 
the Brier score is: 
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Calibration metrics measure the discrepancy between 
predicted confidence and empirical accuracy. Expected 
Calibration Error (ECE) partitions predictions into M 
confidence bins {𝐵-} and computes: 
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𝑛
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where acc(𝐵-) is the average accuracy of samples in bin 
𝐵- and conf(𝐵-) is their average predicted confidence [1]. 

Beyond calibration, uncertainty estimates are frequently 
evaluated through downstream tasks such as error 
detection, selective prediction, and out-of-distribution 
(OOD) detection, using metrics such as the area under 
the receiver operating characteristic curve (AUROC) [12]. 
Each metric captures different aspects of uncertainty 
quality and no single measure is sufficient in isolation. 
Two caveats apply: ECE is sensitive to the binning 
scheme and is not a proper scoring rule, so it should be 
read alongside NLL or the Brier score; and AUROC, while 

threshold-independent, can appear optimistic under 
strong class imbalance. 

4. Uncertainty Estimation Methods  
 
4.1. Bayesian Neural Networks 
Bayesian neural networks (BNNs) model epistemic 
uncertainty by maintaining a posterior distribution over 
model parameters and marginalising predictions over this 
distribution [9]. The Bayesian approach to neural 
networks (NNs) was pioneered by MacKay [39], who 
developed practical frameworks for Bayesian inference in 
adaptive models. Exact posterior inference is intractable 
for NNs, so approximate techniques are employed. 
Variational inference methods, such as Bayes by 
Backprop [13], learn a parametric approximation to the 
posterior by minimising the Kullback-Leibler divergence. 
Monte Carlo dropout [14] recasts standard dropout as 
approximate variational inference, enabling uncertainty 
estimation from any dropout-trained network without 
architectural modification. Laplace approximations fit a 
Gaussian to the posterior around a mode of the loss 
landscape [15], [51]. A related line of work uses mixture 
density networks [38] to model conditional output 
distributions, capturing aleatoric uncertainty through 
explicit distributional outputs. 

While theoretically principled, BNN approaches face 
scalability challenges. Variational methods introduce 
additional parameters and often underestimate posterior 
variance due to mean-field assumptions. Monte Carlo 
(MC) dropout, though computationally cheaper, provides 
coarse approximations that may not capture multimodal 
posteriors. Empirically, the performance of BNNs 
depends heavily on the choice of prior, approximate 
inference method and network architecture. In addition, 
BNNs frequently underperform deep ensembles on 
calibration and OOD detection benchmarks [12]. 

4.2.  Deep Ensembles 

Deep ensembles estimate uncertainty by aggregating 
predictions from independently trained models [16]. Given 
L independently trained models with predictive 
distributions M𝑝$!(𝑦 ∣ 𝑥)O for 𝑙 = 1,… , 𝐿, the ensemble 
predictive distribution is the mixture: 

𝑝/%0(𝑦|𝑥) =
1
𝐿.𝑝$!(𝑦|𝑥)

1

2&'
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Epistemic uncertainty can be estimated via the variance 
of predicted probabilities across ensemble members. For 
a K-class classification problem, the ensemble 
disagreement is measured as: 
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where Varl[·] denotes the variance across the L ensemble 
members for each class k, yielding a scalar measure of 
per-class prediction spread averaged over all classes. 

On the benchmark study of Ovadia et al. [12], deep 
ensembles of five independently trained ResNets 
consistently outperformed single-model baselines, MC 
dropout, and variational inference methods across 
multiple dataset-shift scenarios (CIFAR-10-C, ImageNet-
C), achieving the lowest ECE and highest AUROC for 
misclassification detection. Lakshminarayanan et al. [16] 
similarly demonstrated that ensembles achieve well-
calibrated predictive uncertainty on regression and 
classification tasks without requiring explicit Bayesian 
treatment. 

However, ensembles are computationally expensive, 
requiring L times the training and inference cost of a 
single model. Recent work on efficient ensemble 
methods, such as BatchEnsemble [17] which shares most 
parameters across members and only maintains per-
member rank-one perturbations, addresses some of 
these costs. Nevertheless, a growing body of work has 
identified epistemic uncertainty collapse in large or over-
parameterised models, where ensemble diversity 
diminishes as model capacity increases [53], limiting the 
reliability of variance-based uncertainty estimates. 

4.3. Calibration and Post-hoc Methods 

Post-hoc calibration techniques adjust predicted 
confidence without modifying the underlying model. 
Temperature scaling [1] rescales logits z(x) by a learned 
scalar T > 0: 
 

𝑝3>(𝑦|𝑥) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 _
𝑧(𝑥)
𝑇 b

4
6 

 
Guo et al. [1] demonstrated that modern NNs are 
systematically overconfident and that temperature 
scaling, learned on a held-out validation set, substantially 
reduces ECE on CIFAR-10, CIFAR-100, and ImageNet. 
However, a single global temperature parameter cannot 
capture heterogeneous miscalibration across different 
input regions. Under distribution shift, temperature scaling 
degrades significantly. Ovadia et al. [12] showed that 
post-hoc calibrated models exhibit worse ECE than 
uncalibrated ensembles when evaluated on corrupted 
versions of standard benchmarks. More recent 
approaches, including focal loss calibration and input-
dependent temperature functions, partially address this 

limitation but remain less robust than ensemble-based 
methods under severe shift. 
 
4.4. Consistency-Based Methods 

Consistency-based approaches estimate uncertainty by 
measuring variability across multiple stochastic 
generations. Self-consistency [18] assumes that reliable 
reasoning produces stable outputs: given a question, 
multiple reasoning chains are sampled, and the most 
frequent answer is selected, with answer frequency 
serving as a confidence proxy. SelfCheckGPT [19] 
extends this idea to hallucination detection by checking 
whether factual claims in a generated response are 
consistent across independent samples. 

While effective in some settings, these methods incur 
significant computational cost requiring O(J) forward 
passes for J samples. Furthermore, the improvements 
these methods provide over simpler baselines are not 
always commensurate with that cost. Kadavath et al. [20] 
found that self-evaluation and sampling-based measures 
correlate with answer correctness on question-answering 
benchmarks, but that gains over simple token-level 
probability baselines can be modest relative to the 
multiple-forward-pass inference cost. 

4.5.  Conformal Prediction 
Conformal prediction provides a distribution-free 
framework for constructing prediction sets with 
guaranteed coverage, a framework originating with Vovk 
et al. [48] and brought to deep learning practice by 
Angelopoulos and Bates [21]. Given a calibration dataset, 
conformal methods compute non-conformity scores and 
use quantiles of these scores to construct prediction sets 
that contain the true label with probability at least 1 − 𝛼, 
under the sole assumption of exchangeability. This 
guarantee is marginal: it holds on to average over 
exchangeable draws of the calibration and test data,  and 
does not by itself imply conditional coverage for individual 
inputs or population subgroups without stronger 
assumptions or modified procedures. Romano et al. [22] 
introduced conformalised quantile regression, which 
combines quantile regression with conformal calibration 
to produce adaptive prediction intervals for regression 
tasks. Angelopoulos et al. [23] proposed the Regularised 
Adaptive Prediction Sets (RAPS) method, which 
produces smaller prediction sets for image classification 
by penalising set size during calibration. 

The appeal of conformal prediction lies in its finite-sample 
validity guarantee, which holds regardless of the 
underlying model or data distribution. However, the 
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practical utility depends on the predictive quality of the 
underlying model and the informativeness of the non-
conformity score: a weak model yields valid but 
uninformatively large prediction sets. Furthermore, 
standard conformal methods assume exchangeability, 
which is violated under distribution shift. Recent 
extensions address this limitation through weighted 
conformal inference and online conformal prediction, but 
these remain active areas of research. 

4.6. Evidential Deep Learning 
Evidential DL methods place Dirichlet (for classification) 
or Normal-Inverse-Gamma (for regression) priors over 
the output distribution and train the network to predict the 
parameters of this prior [24]. Rather than outputting point 
predictions or class probabilities, the network outputs 
evidence parameters from which both aleatoric and 
epistemic uncertainty can be derived in a single forward 
pass. Amini et al. [25] extended this framework to 
regression tasks with Deep Evidential Regression, 
predicting the four parameters of a Normal-Inverse-
Gamma distribution. 

A key advantage of evidential methods is computational 
efficiency: unlike ensembles or BNNs, they require only a 
single forward pass at inference time. Charpentier et al. 
[26] introduced Posterior Networks, which use 
normalising flows to estimate density-based pseudo-
counts and obtain Dirichlet posteriors without explicitly 
training on OOD data. This was subsequently extended 
to exponential family distributions with the Natural 
Posterior Network [42], enabling evidential uncertainty for 
a broader class of output distributions. However, 
evidential methods face known limitations related to the 
choice of regularisation and degradation in the quality of 
their uncertainty estimates. Ulmer et al. [27] provide a 
comprehensive analysis of these trade-offs in their survey 
of prior and posterior network methods. 

4.7. Semantic Uncertainty for Generative Models 
For generative models, token-level entropy often fails to 
capture semantic equivalence. For instance, two 
responses being “The capital of France is Paris” and 
“Paris is France’s capital city” are semantically identical 
but differ at the token level. Semantic uncertainty methods 
[2] address this by clustering generated outputs based on 
meaning rather than surface form. 

Semantic entropy groups J sampled outputs M𝑦(6)O into 
semantic clusters 𝐶 = {𝑐', … , 𝑐.} using a bidirectional 
entailment classifier. The estimated cluster probability is: 

𝑝̂(𝑐-|𝑥) = . 𝑝̂=𝑦(6)e𝑥?
6:4(#)∈:%

7 

 

where 𝑝̂=𝑦(6) ∣ 𝑥? is the length-normalised sequence 
probability of the j-th sampled generation; cluster 
probabilities are renormalised over the M clusters 
observed in the sample, and semantic entropy is 
evaluated as a Monte Carlo estimate over these clusters 
[2]. Semantic entropy is then defined as: 

 

𝐻0/-(𝑥) = −. 𝑝̂(𝑐-|𝑥)
.

-&'

log 𝑝̂(𝑐-|𝑥) 8 

 

This collapses probability mass over linguistically distinct 
but semantically equivalent outputs [2]. A baseline 
comparison is token-level predictive entropy. For a 
vocabulary V and next-token distribution 𝑝$(⋅∣ 𝑥, 𝑦;<), 
entropy at position t is: 

 

𝐻<=+/%(𝑥, 𝑡) = −.𝑝$(𝑣|𝑥, 𝑦;<)
>∈?

log 𝑝$(𝑣|𝑥, 𝑦;<) 9 

 

where the summation is over all tokens v in the 
vocabulary V at position t, conditioned on the input x and 
all preceding tokens 𝑦;<. Total sequence entropy can be 
obtained by averaging across positions. However, in 
natural language generation, high 𝐻@ABCD may reflect 
surface variation (e.g., synonym choice) rather than 
genuine uncertainty about meaning. 

Kuhn et al. [2] demonstrated that semantic entropy 
outperforms token-level predictive entropy and related 
sampling-based baselines for detecting incorrect answers 
on the TriviaQA and CoQA benchmarks, with consistent 
AUROC improvements across OPT models ranging from 
2.7B to 30B parameters. Farquhar et al. [28] extended this 
work to hallucination detection on a broader benchmark 
suite (including SQuAD, BioASQ and Natural Questions), 
showing that semantic entropy reliably detects 
confabulated claims across multiple LLM families. 
Complementary approaches explore verbalised 
uncertainty, where LLMs are trained to express 
confidence in natural language [40], and prompt-based 
confidence elicitation, where calibration is assessed by 
asking models to self-report certainty [41]. Kernel-based 
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generalisations capture graded semantic similarity and 
provide fine-grained uncertainty estimates, though at 
increased computational expense. 

4.8. Out-of-Distribution Detection 
Out-of-distribution detection is closely related to 
uncertainty estimation, as models should express high 
uncertainty on inputs far from the training distribution. 
Hendrycks and Gimpel [29] established the maximum 
softmax probability (MSP) baseline, which flags inputs 
where the maximum predicted probability falls below a 
threshold. Liang et al. [30] improved upon this with the 
ODIN detector, combining temperature scaling with input 
perturbations. Liu et al. [31] proposed energy-based OOD 
detection, replacing softmax confidence with the energy 
function 𝐸(𝑥) = −log∑ exp+ =𝑓+(𝑥)?, demonstrating 
consistent improvements over MSP and ODIN across 
standard OOD benchmarks (CIFAR-10 vs. SVHN, 
CIFAR-100 vs. LSUN). While OOD detection methods are 
related to but distinct from uncertainty estimation, they are 
increasingly integrated into unified reliability frameworks. 

5. Disagreement as an Informative Signal 
Disagreement has traditionally been treated as noise to 
be eliminated through majority voting or averaging. 
Recent work fundamentally reframes disagreement as an 
informative signal that reflects either epistemic 
uncertainty (reducible through more data or better 
models) or intrinsic task ambiguity (irreducible aleatoric 
uncertainty) [3]. This section examines disagreement 
across three settings: ensemble models, human 
annotations and multi-agent systems. 

5.1. Ensemble Disagreement 
In ensemble models, disagreement among member 
predictions provides a direct estimate of epistemic 
uncertainty. Jiang et al. [3] formalised this through the 
Generalisation Disagreement Equality (GDE), which 
establishes that the expected disagreement rate between 
two networks trained with independent runs of stochastic 
gradient descent equals the expected test error, provided 
the induced ensemble is well calibrated in the class-
aggregated sense. This theoretical result enables 
estimating model accuracy on unlabelled data purely from 
disagreement, without requiring ground-truth labels. 

The practical implications are significant. Under 
distribution shift, where validation accuracy is 
unavailable, ensemble disagreement can serve as a 
proxy for error rate, enabling automatic detection of 
deployment scenarios where model reliability has 
degraded. An important caveat is that the calibration 
condition underpinning the GDE itself deteriorates as 

disagreement grows — precisely the regime in which the 
error–disagreement coupling would be most valuable — 
so disagreement-based monitoring must be applied with 
care under shift [52]. Empirically, Ovadia et al. [12] 
showed on CIFAR-10-C and ImageNet-C that the quality 
of predictive uncertainty degrades with increasing 
corruption severity, with ensembles degrading most 
gracefully among the methods compared. 

However, the GDE assumes that ensemble members 
explore genuinely different hypotheses. When models 
converge to similar solutions, as is the case for large over-
parameterised architectures trained on the same data, 
disagreement collapses and the epistemic uncertainty 
signal is lost. This phenomenon, termed uncertainty 
collapse, has been documented across vision and 
language tasks [53] and represents a fundamental 
limitation of disagreement-based approaches for very 
large models. 

5.2.  Human Annotation Disagreement 
In subjective tasks such as sentiment analysis, toxicity 
detection and medical diagnosis, annotator disagreement 
is not labelling error but a genuine reflection of aleatoric 
uncertainty arising from task ambiguity [56]. Traditionally, 
ML pipelines resolve disagreement through majority 
voting, discarding the distributional information in label 
distributions. Recent work argues that this practice is 
epistemologically problematic: it imposes a false 
consensus and prevents models from learning that certain 
inputs are inherently ambiguous. 

Learning with disagreement approaches model the full 
distribution of human judgements rather than collapsing 
to a single label. Soft-label training, which uses the 
empirical distribution of annotator responses as the 
target, has been shown to improve calibration and 
robustness in image classification [54] and on subjective 
NLP tasks [55]. Multi-annotator models explicitly 
parameterise annotator-specific biases, separating 
genuine ambiguity from individual annotator noise [55]. 
These approaches are particularly relevant for safety-
critical applications where overconfident predictions on 
ambiguous inputs carry significant risk. 

5.3.  Disagreement in Multi-Agent Systems 
In multi-agent AI systems — including LLM debate 
frameworks [57], mixture-of-experts architectures [58], 
and multi-model pipelines — disagreement among agents 
provides a natural uncertainty signal. Aggregation 
mechanisms such as voting, weighted fusion, or 
deliberative debate are used to combine diverse agent 
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outputs. However, recent theoretical and empirical 
analyses demonstrate that interaction alone does not 
guarantee correctness gains. 

When agents share training data, architectural biases or 
are derived from the same foundation model, they may 
exhibit correlated errors that simple aggregation cannot 
correct. In LLM debate settings, models may converge on 
plausible but incorrect consensus answers through 
mutual reinforcement rather than genuine reasoning [57]. 
Effective multi-agent uncertainty estimation therefore 
requires explicit mechanisms for calibration, diversity 
enforcement and weighting by estimated competence. 
Disagreement must be interpreted in conjunction with 
individual agent uncertainty estimates to avoid reinforcing 
shared biases or systematic errors. 

6. Information Fusion 
Information fusion integrates multiple uncertain sources 
into a coherent decision. As AI systems increasingly 
combine heterogeneous data modalities, model outputs 
and sensor streams, principled fusion mechanisms that 
account for source-specific uncertainty become essential. 

6.1. Classical Bayesian Fusion 
The foundations of uncertainty-aware fusion lie in 
Bayesian inference and Dempster-Shafer theory [32]. 
The Kalman filter [33] provides the canonical example of 
optimal Bayesian fusion for linear Gaussian systems, 
weighting measurements by the inverse of their 
uncertainty (covariance). This principle generalises: given 
N independent sources with estimates {𝜇!} and 
uncertainties {𝜎!,}, the minimum-variance fused estimate 
weights each source inversely proportional to its variance. 
Bayesian model averaging extends this to combining 
predictions from multiple models, weighting each by its 
posterior probability. 

While optimal under correct model assumptions, classical 
Bayesian fusion requires accurate uncertainty estimates 
from each source and explicit specification of the joint 
model. In practice, both conditions are often violated in 
deep learning systems, motivating learned fusion 
approaches. 

6.2. Uncertainty-Aware Multimodal Fusion 
Modern multimodal systems extend classical fusion by 
learning mechanisms that dynamically adjust modality 
contributions based on estimated reliability. Gao et al. [4] 
proposed embracing unimodal aleatoric uncertainty for 
robust fusion: the noise inherent in each modality is 
explicitly quantified and used within uncertainty-aware 

contrastive learning to produce stable unimodal 
embeddings prior to fusion, improving robustness to noisy 
modalities on multimodal classification benchmarks. A 
complementary line of work performs quality-aware 
dynamic fusion, weighting each modality at inference time 
according to its estimated quality or uncertainty, with 
provable robustness guarantees for low-quality 
multimodal data [50]. 

Attention-based gating mechanisms provide another 
approach to uncertainty-aware fusion. Cross-modal 
attention architectures learn to attend selectively to 
reliable modalities, effectively implementing a soft version 
of the Bayesian weighting principle. Modality-dropout 
training, where random modalities are zeroed during 
training, forces the model to handle missing or unreliable 
inputs, improving robustness at inference time when 
modality quality varies. 

6.3. Multi-Model Fusion and Aggregation 
Beyond multimodal fusion, uncertainty-aware 
aggregation is essential when combining outputs from 
multiple models in ensemble or pipeline architectures. 
Weighted prediction aggregation schemes assign weights 
to model outputs based on estimated confidence or 
historical performance. Mixture-of-experts architectures 
[58] use gating networks to route inputs to specialised 
sub-models, with the gating mechanism implicitly 
performing uncertainty-aware selection. Recent work has 
explored integrating explicit uncertainty estimates into the 
gating function, improving routing decisions for out-of-
distribution inputs. 

A critical challenge in multi-model fusion is calibration 
consistency: if individual models are mis-calibrated in 
systematically different ways, naive fusion can amplify 
rather than reduce errors. This underscores the 
importance of the uncertainty–disagreement–fusion 
pipeline: reliable fusion requires reliable uncertainty 
estimates, which in turn benefit from meaningful 
disagreement signals. 

7. Selective Prediction and Abstention 
Selective prediction allows models to abstain when 
uncertainty is high, trading coverage (the fraction of inputs 
on which a prediction is made) against selective risk (the 
error rate on retained inputs). Performance is therefore 
best evaluated with risk–coverage curves or the area 
under the risk–coverage curve, rather than accuracy at a 
single operating point. This section connects abstention 
directly to the preceding pillars: the quality of selective 
prediction depends critically on the uncertainty estimates 
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reviewed in Section 4, disagreement signals from Section 
5 can trigger abstention, and fusion architectures from 
Section 6 can incorporate abstention as a routing 
decision. 

Classical decision-theoretic results define optimal 
rejection rules under known costs [34]. The Chow reject 
option establishes that optimal abstention occurs when 
the posterior probability of the predicted class falls below 
a cost-dependent threshold. Modern approaches 
integrate abstention into training: SelectiveNet [35] jointly 
optimises a prediction head, a selection head, and a 
coverage-accuracy trade-off via a risk-coverage 
objective. 

The effectiveness of selective prediction depends 
critically on uncertainty quality. Ovadia et al. [12] showed 
that under distribution shift on corrupted image 
benchmarks, the accuracy of retained predictions 
degrades far less for deep ensembles than for single-
model softmax confidence as the confidence threshold is 
varied, so ensemble-based abstention retains 
substantially higher accuracy at matched coverage. This 
result directly links the quality of uncertainty estimation 
methods (Section 4) to downstream decision-making 
performance. 

8. Comparative Analysis of Methods 
This section provides a structured comparison of the 
methods reviewed above, anchoring qualitative 
assessments to empirical evidence where available.  

Table 1 compares key properties across method families. 
Table 2 summarises representative empirical findings 
from the underlying studies; because these studies differ 
in architectures, model scales and evaluation protocols, 
findings are reported qualitatively rather than as directly 
comparable point estimates. 

 

Table 1 Comparison of uncertainty and disagreement 
estimation approaches. [1, 2, 12, 16, 24]. 

Method Aleatoric/ 
Epistemic 

OOD 
Detect 

Key Limitation 

Token  
Entropy a 

Neither  
explicitly 

Weak Ignores semantic 
equivalence 

MC  
Dropout 
[14]a 

Epistemic  
only 

Moderate Coarse posterior 
approx. 

Deep 
Ensembles 
[16]a 

Both  
(via  
entropy 
decomp.) 

Strong L× compute; 
collapse risk 

Temp.  
Scaling [1]a 

Neither None Fails under shift 

Conformal 
Pred. [21]a 

Neither  
(coverage) 

N/A Set size depends 
on model 

Evidential  
DL [24]a 

Both Variable Regularisation-
sensitive 

Semantic 
Entropy 
[2]b 

Semantic-
cluster 
uncertainty  
(no decomp.) 

Strong Requires NLI 
classifier 

SelfCheck
GPT [19]c 

Consistency 
signal (no 
decomp.) 

Moderate O(J) sampling 
cost; misses 
consistent 
confabulations 

Unc.-
Aware 
Fusion [4]c 

Aleatoric  
per  
modality 

Moderate Requires per-
source 
uncertainty 

a: does not capture semantic equivalence; b: captures semantic 
equivalence; c: partially captures semantic equivalence. OOD: 
out-of-distribution; NLI: natural language inference; decomp.: 
decomposition of predictive entropy into expected entropy 
(aleatoric) and mutual information (epistemic). 
 

Table 2 Representative empirical findings for uncertainty 
estimation methods, as reported in the cited studies. 

Method Benchmark Reported 
finding 

Cost Source 

Deep 
ensemble 
(L=5) vs MC 
dropout, VI, 
single model 

CIFAR-10(-
C), 
ImageNet(-
C) 

Best calibration 
(ECE, Brier) 
among 
compared 
methods; 
uncertainty 
quality 
degrades most 
gracefully as 
corruption 
severity 
increases 

L× Ovadia et 
al. [12] 

MC dropout CIFAR-10(-
C) 

Improves over 
a single model 
but is 
consistently 
outperformed 
by deep 
ensembles, 
especially 
under shift 

T× Ovadia et 
al. [12] 

Temperature 
scaling 

CIFAR-
10/100, 
ImageNet 
(i.i.d.) 

Substantially 
reduces ECE of 
modern 
networks post 
hoc on held-out 
i.i.d. data 

~1× Guo et al. 
[1] 

Temperature 
scaling 

CIFAR-10-C 
(shift) 

Calibration 
degrades 
markedly under 
corruption 
relative to 
ensembles 

~1× Ovadia et 
al. [12] 
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Semantic 
entropy vs 
token-level 
entropy 

TriviaQA, 
CoQA (OPT 
2.7B–30B) 

Consistently 
higher AUROC 
for detecting 
incorrect 
answers across 
model sizes 

J× Kuhn et 
al. [2] 

Semantic 
entropy 

QA suite incl. 
SQuAD, 
BioASQ, 
Natural 
Questions 

Reliably 
detects 
confabulations 
across multiple 
LLM families 

J× Farquhar 
et al. [28] 

AUROC: area under the receiver operating characteristic curve; 
ECE: expected calibration error; Inf. cost: inference cost 
relative to a single forward pass; L: ensemble size; T: number 
of dropout samples; J: number of sampled generations; VI: 
variational inference. Entries summarise findings as reported in 
the cited studies; values from different papers are not directly 
comparable. 
 

Several patterns emerge from this comparison. First, 
deep ensembles remain the most robust general-purpose 
method for uncertainty estimation in classification, 
achieving the best calibration and OOD detection at the 
cost of L× compute. Second, post-hoc calibration 
(temperature scaling) is effective under i.i.d. conditions 
but degrades substantially under distribution shift, while 
ensemble-based methods degrade more gracefully. 
Third, for generative models, semantic uncertainty 
methods represent a qualitative advance over token-level 
approaches, with semantic entropy consistently 
outperforming token-level entropy for incorrect-answer 
detection across model sizes [2], demonstrating the 
importance of accounting for meaning equivalence. 
Fourth, the cost–performance trade-off is not automatic: 
sampling-based baselines operating at a computational 
budget comparable to semantic entropy do not close the 
gap to it [2], suggesting that the clustering step captures 
genuinely different information rather than simply 
benefiting from more samples. 

Several limitations of these comparisons should be noted. 
Benchmark results are drawn from different papers with 
varying experimental configurations (model architectures, 
hyperparameters, data splits), and direct numeric 
comparison across papers should be interpreted 
cautiously. Furthermore, classification-oriented 
benchmarks (CIFAR-10, ImageNet) and LLM-oriented 
benchmarks (TriviaQA) test fundamentally different 
aspects of uncertainty quality and should not be naively 
ranked on the same scale. 

9. Open Challenges 
Despite significant progress, several challenges remain 
across all four pillars of this survey. 

9.1. Scalability. Scalable uncertainty estimation for large 
generative models is unresolved. Ensemble and multi-
sample methods require inference costs proportional to 
the number of members or samples, which may be 
prohibitive for models with billions of parameters. Single-
forward-pass methods (evidential deep learning, spectral-
normalised Gaussian processes [36]) offer computational 
advantages but have not yet been validated at the scale 
of frontier LLMs. Hybrid approaches such as deep kernel 
learning [43] combine neural feature extractors with 
Gaussian process output layers to balance 
expressiveness and uncertainty quality, but scalability to 
very deep architectures remains limited even with 
variational sparse approximations [45]. 

9.2. Distribution Shift. Many uncertainty methods 
degrade under distribution shift [12]. While conformal 
prediction offers finite sample guarantees under 
exchangeability, the assumption itself is violated in non-
stationary deployment environments. Developing 
uncertainty methods that are robust under shift remains a 
critical open problem. 

9.3. Cost–Utility Trade-offs. A growing body of empirical 
evidence highlights that multi-sample, ensemble-based, 
or clustering-driven approaches often incur substantial 
computational overhead while yielding marginal 
improvements over simpler baselines in downstream 
metrics such as AUROC. The practical deployment of 
advanced uncertainty methods in latency- or resource-
constrained settings requires principled frameworks for 
deciding when expensive methods justify their cost. 

9.4. Hallucination Detection. Detecting hallucinations in 
LLMs is among the most practically urgent applications of 
uncertainty estimation. While semantic entropy [2] and 
self-consistency approaches [18] show promise, they 
require multiple forward passes and cannot detect 
hallucinations that are consistently reproduced across 
samples (systematic confabulations). Efficient, single-
pass hallucination detection remains an open problem. 

9.5. Decision-Theoretic Integration. Uncertainty, 
disagreement, and fusion are ultimately in service of 
decision-making. Felicioni et al. [44] highlight the 
importance of integrating uncertainty estimates into 
downstream decision processes for LLMs. Tighter 
integration with decision theory, including cost-sensitive 
abstention, optimal delegation between models, and risk-
aware planning, is needed to translate improved 
uncertainty estimates into improved outcomes. 
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9.6. Coverage Limitations of This Survey. We 
acknowledge several important areas that fall outside our 
scope. Gaussian processes, while foundational to 
uncertainty estimation, receive limited treatment here; the 
reader is referred to Rasmussen and Williams [37] for a 
comprehensive treatment. Normalising flows for density 
estimation and uncertainty are not covered. Our treatment 
of OOD detection is necessarily brief; for a dedicated 
survey, see Yang et al. [49]. We have also not covered 
uncertainty in reinforcement learning or federated 
learning settings. 

10. Conclusion 
Modern AI systems operate in environments where 
uncertainty is unavoidable and consequential. Reliable AI 
therefore requires principled uncertainty estimation, 
meaningful interpretation of disagreement, uncertainty-
aware information fusion and selective prediction. This 
review covered these interconnected pillars, covering 
classical foundations (Bayesian methods, calibration, 
proper scoring rules), contemporary approaches (deep 
ensembles, conformal prediction, evidential deep 
learning, semantic uncertainty), and their interactions 
(disagreement-driven monitoring, uncertainty-weighted 
fusion, selective prediction). 

The empirical evidence surveyed here supports several 
conclusions. Deep ensembles remain the most robust 
general-purpose method but face scalability barriers. 
Semantic uncertainty methods represent a genuine 
advance for generative models. Post-hoc calibration is 
unreliable under distribution shift. And the pillars are 
genuinely interconnected: reliable fusion requires reliable 
uncertainty, which benefits from meaningful 
disagreement signals. 

Beyond their diagnostic role, uncertainty and 
disagreement may increasingly serve as internal control 
signals governing abstention, delegation, or fusion 
strategies in complex AI systems. Advancing AI reliability 
will require balancing theoretical rigour with practical 
constraints, ensuring that intelligent systems remain not 
only accurate, but aware of the limits of their own 
competence. 
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