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Abstract

Reliable Uncertainty Quantification (UQ) and failure
prediction remain open challenges for Vision-Language
Models (VLMs). We introduce ViLU, a new Vision-
Language Uncertainty quantification framework that con-
textualizes uncertainty estimates by leveraging all task-
relevant textual representations.  VILU constructs an
uncertainty-aware multi-modal representation by integrat-
ing the visual embedding, the predicted textual embedding,
and an image-conditioned textual representation via cross-
attention. Unlike traditional UQ methods based on loss pre-
diction, VILU trains an uncertainty predictor as a binary
classifier to distinguish correct from incorrect predictions
using a weighted binary cross-entropy loss, making it loss-
agnostic. In particular, our proposed approach is well-
suited for post-hoc settings, where only vision and text em-
beddings are available without direct access to the model
itself. Extensive experiments on diverse datasets show the
significant gains of our method compared to state-of-the-
art failure prediction methods. We apply our method to
standard classification datasets, such as ImageNet-1k, as
well as large-scale image-caption datasets like CC12M and
LAION-400M. Ablation studies highlight the critical role of
our architecture and training in achieving effective uncer-
tainty quantification. Our code is publicly available and
can be found here: ViLU Repository.

1. Introduction

Vision Language Models (VLMs) [9, 25, 27, 36, 50] are
highly popular foundation models pre-trained on large-scale
image-text datasets, e.g., LAION [37]. They possess the
appealing capability of performing zero-shot image classi-
fication, meaning they can classify samples into classes that
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were not seen during training.

Uncertainty quantification (UQ) is a fundamental chal-
lenge in deep learning and involves estimating the confi-
dence of a model’s predictions. This paper addresses the
problem of reliable UQ for VLMs to detect their poten-
tial failures in downstream tasks. Reliable UQ is crucial
in safety-critical domains and offers significant opportuni-
ties for various applications involving VLMs, such as fail-
ure prediction [17], out-of-distribution detection [46], ac-
tive learning [47], and reinforcement learning [12], among
others.

The vanilla method for UQ with VLMs is the Maxi-
mum Concept Matching (MCM) score [30], a direct exten-
sion of Maximum Class Probability (MCP) [17] for clas-
sification. Although MCM is a strong baseline, it suffers
from fundamental drawbacks: by design, it assigns high
confidence to failures and struggles with fine-grained con-
cepts. As illustrated in Fig. 1, the VLM misclassifies the
“Eskimo dog” image as a “Siberian husky”, and
the high MCM score prevents the detection of the error.

In classification, learning-based methods have also been
explored for failure prediction. In particular, a few deep
learning models designed to predict the classifier’s loss
and dedicated to learning visual uncertainties (LVU) have
been proposed [8, 19, 47]. However, when applied to
VLMs, these methods do not model the relationships be-
tween downstream concepts, intrinsically limiting their fail-
ure prediction performance. The example in Fig. | still re-
ceives a high confidence score with LVU methods. Fur-
thermore, although recent methods have proposed specific
calibration techniques for VLMs [31, 34, 42, 44, 48], fewer
works have focused on UQ solutions for VLMs in general,
with the exception of the recent [2].

This paper introduces ViLU, a post-hoc framework
for learning Vision-Language Uncertainties and detecting
VLMs’ failure. The core idea in ViLU is to define a con-
fidence score depending both on the visual input but also
on the set of concepts that defines the downstream task,
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Figure 1. Motivation of ViLU. In zero-shot classification with VLMs, uncertainty may arise from both the image and target concept
definitions. Given an ambiguity between several concepts, the vanilla Maximum Concept Maxing (MCM) [30], can assign a high confi-
dence to a wrong prediction, e.g. a "Eskimo dog” wrongly classified as a ’Siberian husky”. Previous methods based on Learning
Visual Uncertainties (LVU) [8, 19, 47] do not account for ambiguity between concepts and often fail, whereas ViLU captures a fine-grained
uncertainty by contextualizing the image within the spectrum of possible textual concepts.

e.g. classification or caption matching. By finely modeling

the interaction between the image and the target concepts,

ViLU assigns a low confidence score to the misclassified

example — see Fig. I.

We summarize our key contributions as follows:

e ViLU introduces a novel multi-modal uncertainty rep-
resentation that integrates visual embeddings, predicted
textual embeddings, and image-conditioned textual rep-
resentations via a cross-attention module. This formula-
tion enables the model to capture fine-grained ambiguities
between the input image and candidate concepts, signifi-
cantly improving failure prediction.

* We propose a dedicated uncertainty predictor that oper-
ates on this enriched representation and is trained to dis-
criminate between correct and incorrect predictions us-
ing weighted binary cross-entropy (BCE). Unlike conven-
tional loss-prediction-based UQ methods, ViLU is fully
loss-agnostic, making it particularly well-suited for post-
hoc uncertainty estimation in black-box VLMs.

We conduct an extensive experimental validation of
ViLU on various downstream classification datasets, as well
as image-caption datasets such as CC12M and LAION-
400M. First, we highlight that state-of-the-art methods
struggle to outperform the MCM baseline, illustrating the
difficulty of the task. In contrast, ViLU delivers signifi-
cant and consistent improvements over multiple baselines,
including recent VLM-specific methods [2]. Thorough ab-
lation studies further validate our architectural choices and
training design for optimal performance.

2. Related Work

Vision-language models (VLMs) have gained popularity
for aligning image and text representations [9, 25, 27, 36,
50], achieving unprecedented zero-shot performance by
jointly learning a shared vision-text embedding space on
large-scale web datasets [9, 24, 37]. They have been ap-
plied in a plethora of domains including image classification

[22, 52, 54], open-vocabulary segmentation [23, 43,49, 51]
and cross-modal retrieval [1, 18]. Nevertheless, VLMs
align deterministic text and image representations without
accounting for uncertainty in zero-shot predictions [2, 42].
While simple uncertainty quantification methods exist, e.g.
MCM [30], a robust approach for failure prediction remains
lacking. We address this gap with an effective UQ method
for failure prediction of VLMs.

Uncertainty quantification (UQ) for failure prediction.
In classification, MCP [17] is the vanilla method for UQ.
However, by only considering the maximum over the pre-
dicted probabilities, MCP tends to overestimate confidence
in failure cases [8]. Another common approach is to use the
Shannon entropy of the predicted softmax distribution [38],
but its invariance to label permutations [ 14, 38] limits its ef-
fectiveness for failure detection. Recently, Doctor [14] was
proposed to refine the Shannon entropy [38] using Rényi
entropy, while Rel-U [13] further extended it by incorporat-
ing a learned distance matrix to model class relationships
from classifier predictions. Such methods, however, suf-
fer from a limited expressiveness in their UQ models, and
struggle to capture finer-grained uncertainties. Another line
of work is to learn the classifier’s loss using deep neural
networks [8, 19, 47]. [47] estimates model loss to improve
active learning, while [8] learns the cross-entropy loss for
classification and segmentation. More recently, [19] ap-
plies this approach for large-scale UQ with vision trans-
formers. However, these methods are limited to learning
visual uncertainties (LVU), and generalize poorly to VLMs
as they do not account for ambiguity in the language moda-
lity. To overcome this limitation, we propose an efficient
UQ method for frozen, pre-trained VLMs and show that di-
rectly predicting failures outperforms loss prediction.

VLMs’ UQ. MCP can be easily adapted for UQ of VLLMs
by leveraging their zero-shot probabilities, leading to the
Maximum Concept Matching (MCM) method [30]. How-
ever, MCM inherits MCP’s limitations for failure predic-
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tion, especially its overconfidence for errors. However,
VLMs’ overconfidence is generally less pronounced than
for standard classifiers [29, 41]. As a result, when the
VLM’s downstream accuracy is sufficiently high, MCM
remains a strong baseline for failure prediction. Seve-
ral works extend VLMs for UQ in cross-modal retrieval
tasks [5, 6, 26, 32], often by learning probabilistic embed-
dings for each modality. However, most require retraining
both visual and textual backbones, limiting their practica-
lity [5, 6]. To address this, ProbVLM [42] learns distri-
bution parameters over embeddings via adapters, but over-
looks cross-modal similarity scores, which limits its effec-
tiveness for failure prediction. BayesVLM [2] applies a
Laplace approximation to model uncertainty over similar-
ities post-hoc. While both capture vision-language uncer-
tainty, their objectives are not tailored for failure prediction,
which limits their performance compared to our approach.

3. Background

3.1. Contrastive vision-language models

Zero-shot predictions. Consider a particular dataset D =
{(=;,t;)}}¥.,, where each image x; € X is paired with a
class name or caption ¢; € T. Contrastive VLMs are com-
posed of a pre-trained vision encoder fy(-) that maps an
input image x; to a visual embedding z,, = fy(x;) € R,
and a text encoder f7(-) that embeds a textual input ¢; into a
representation z;, = fr(t;) € R? This multi-modal joint
embedding space is learned during pre-training by aligning
paired concepts. Thus, it enables zero-shot image classifi-
cation, by computing the probability p(t;|x;) of image x;
being associated to caption £; using the softmax of the sim-
ilarities between the visual representations z,, and the em-
beddings z;; of a set of K candidate textual concepts:

exp (Z’QI Zt]. /T)
> exp (2,20, /7)
where T is a temperature parameter optimized during pre-
training, and z,,, and zy, are {5-normalized embeddings.

3.2. VLM’ failure prediction with MCM

We aim to determine whether VLMs can recognize when
their predictions are unreliable. This is captured by an un-
certainty scoring function, u(x), where higher values indi-
cate a greater likelihood of misclassification.

Maximum Concept Matching (MCM) [30] corresponds
to the probability of the predicted caption for image x;, i.e.,
the one with the highest probability:

p(tjlz:) = (1)

uMCM(wZ-, tl, ceey tk) = ]. — mjaxp(tﬂwz) (2)

Limitations. Despite being a reasonable UQ method in
coarse-grained classification tasks, uycm has fundamen-
tal limitations. Firstly, the max operation in Eq. (2) by

design assigns an overestimated UQ for incorrect pre-
dictions. Therefore, MCM performances drop when the
zero-accuracy of the classifier is low, as shown in the
experiments. Also, in fine-grained classification or open-
vocabulary settings, visual and textual alignments become
more dispersed, reducing MCM’s reliability. This limitation
is particularly problematic for modern VLMs, which are
trained on large-scale datasets for open-vocabulary tasks.

4. ViLU model

This section presents our ViLU framework for multi-modal
failure prediction on VLMs, as illustrated in Fig. 2. We first
introduce our general post-hoc methodology in Sec. 4.1,
which enables UQ on VLMs without modifying their in-
ternal parameters. We then describe our architecture in
Sec. 4.2, detailing the design of ViLU’s embedding using
image-text cross-attention, and of our failure classification
head. Finally, we outline ViLU’s training procedure in
Sec. 4.3, including our weighted cross-entropy loss that di-
rectly aligns with the failure prediction task.

4.1. Methodology for UQ on VLMs

Post-hoc Setting. We aim to design a discriminative and
reliable UQ measure for pre-trained VLMs. To achieve
this, we adopt a post-hoc approach, relying solely on vi-
sual and textual representations, i.e., D = {(z,,, z1,) } ;.
This allows the UQ model to be easily integrated on top of
a pre-trained VLM, providing uncertainty estimates without
modifying internal representations, requiring fine-tuning, or
depending on the loss function used during training.

Learning vision-language uncertainties. ~We propose
leveraging the interactions between the visual modality and
the set of candidate concepts to estimate uncertainty for fail-
ure prediction. Uncertainty in model predictions can arise
from visual patterns (e.g., low image quality, ambiguous
features) or fextual patterns, which define concept distinc-
tions. Additionally, it is shaped by cross-modal interactions.
To model these interactions, we learn a global uncertainty
representation ug/(+) that captures visual-textual interactions
and their inherent uncertainty. We adopt a data-driven ap-
proach, training the uncertainty module to predict VLMs’
misclassifications. Specifically, we frame our objective as
a binary classification task, where ug predicts whether an
input will be misclassified by the VLM (see Sec. 4.3). For-
mally, let us define our uncertainty module as:

ug : RY x RE>xd [0,1]

(Zos Ztyy ooy Ztye)  —

3)

UG (Zuy Zty s ooey Ztye )

Note that our uncertainty function in Eq. (3) can handle
varying values of K, as the number of candidate concepts
may vary during inference.
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Figure 2. Overview of ViLU: A learning-based Vision-Language Uncertainty quantification framework for VLM failure prediction. The

key strength of ViLU lies in its ability to contextualize uncertaint

y estimates by leveraging all textual representations relevant to the task

(see Sec. 4.1). It constructs an uncertainty-aware representation by combining the visual embedding z,,, the predicted textual embedding

z;, and an image-conditioned textual representation z;* obtained

via cross-attention (see Sec. 4.2). Instead of relying on loss prediction,

ViLU trains an uncertainty predictor as a binary classifier to distinguish between correct and incorrect predictions (see Sec. 4.3). ViLU is a
post-hoc approach that can be efficiently deployed on top of any pre-trained VLM without accessing its weights (black box) and supports

both image-caption and image-label tasks.

4.2. ViLU’s architecture

This section details the architectural components of our un-
certainty module ug and how a visual feature, z,, for a
given sample and textual embeddings of K target concepts,
Zy = {2, }, <<~ are combined to provide an expressive
representation for failure detection.

Vision-textual cross-attention. To enable flexible repre-
sentations of the visual and textual modalities, we employ a
cross-attention module hg,, that produces an image-specific
textual representation z;* allowing to efficiently capture in-
herent cross-modal uncertainty:

28 = hog, (Zoy Ztyy ooy 2ty ) (@))

More specifically, the guery is the visual representation
Zy, and keys and values are the K textual embeddings Z;.
The cross-attention’s output is obtained as:

a = softmax ((Wsz)T (WKZt)/\/@

K (5)
z =) a;(Wyz,)

j=1

where o are the attention weights, and Wg, Wi, and Wy,
denote the projection matrices for the queries, keys, and val-
ues, respectively. This weighted textual embedding refines
the textual context based on the model’s predicted distribu-
tion over the candidate captions, allowing for a more accu-
rate uncertainty assessment. This contextualized represen-
tation can be computed for any number of concepts, ensur-

ing a generic uncertainty module that remains well-defined
across different concept sets.

ViLU embeddings. To resolve vision-language ambiguity
for failure prediction, our model must capture key informa-
tion to distinguish correct from incorrect predictions. At a
minimum, this requires the visual representation z, and the
textual embedding of the predicted caption z;, allowing the
model to approximate MCM’s uncertainty estimator. How-
ever, this limited representation overlooks ambiguous alter-
natives, making error detection unreliable. To address this,
we construct a rich vision-language uncertainty embedding
Zvw = (2v, 23, 2§) by concatenating z,,, z;, and the cross-
attention output z{*.

Learning complex patterns for failure prediction. De-
tecting misclassifications among numerous fine-grained
concepts is challenging, as it requires capturing complex
cross-modal relationships. To overcome this, we apply a
non-linear transformation on our ViLU embeddings via a
multi-layer perceptron (MLP), ¢s,,,, Which enhances fea-
ture expressiveness and produces a scalar uncertainty esti-
mate. Formally, uncertainty quantification is expressed as
the predicted failure score g;:

@i = U(QOMLp(zviLU))7 (6)
where o denotes the sigmoid function, ensuring that ¢; — 1
when the predicted zero-shot label is likely incorrect. Im-
portantly, gs,,, in Eq. (6) boils down to the unnormalized
MCM score when using a bilinear form on z,; (see Ap-
pendix B). Our failure predictor is thus a consistent gen-
eralization of MCM, incorporating its prior and learning to
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refine it for finer multi-modal UQ.

4.3. Training procedure

VILU accommodates both image-caption and image-label
tasks during training and inference.

1) Image-Label Tasks: Image-label classification con-
siders a predefined set of K target categories, leading to
a batch-independent predictive pipeline. Here, the textual
representations of categories are obtained using text tem-
plates (e.g.,”A photo of a [CLASS]”),resultingina
fixed set of textual captions {t;};c(1,... . x}. The predicted
concept for an image is then determined as:

t; = argmax p(t;|z;). (7)
je{l,...K}

This setting is batch-independent, making it suitable for
standard classification datasets with predefined labels.

2) Image-Caption Tasks: When a set of textual descrip-
tions is available from an open-vocabulary domain, the goal
is to assign the most similar caption to a given input image.
It is typically validated using batches of paired images and
text descriptions. Given a batch B of images with associ-
ated text descriptions, {(x;,t;) }:ep, the predicted concept
for an image is determined as:

t; = argmax p(t;|x;). 8)
JjEB
Here, the performance is batch-dependent, with larger batch
sizes increasing task complexity.

Training objective. Our uncertainty module uy is trained
as a binary classifier to predict VLM zero-shot misclassifi-
cations. The parameters 6 = {0x,, Oy} of our uncertainty
model are trained by mini-batch gradient descent to mini-
mize the following weighted binary cross-entropy loss:

1 N N
Lupce = —5 > [wyilog§i + (1 —yi) log(1 —§:)] (9)

where y; = It{il;éti} is the target label, and w is a weighting
factor that mitigates the potential class imbalance between
correctly and incorrectly classified examples. This weight is
dynamically adjusted based on the empirical classification
accuracy of the VLM within each mini-batch:

B
51—y
ol y,y)) )
E:i:l i

Previous UQ methods predict the model’s training loss
[8, 19, 47], assuming a high loss value indicates misclas-
sification. Applying this approach to VLMs would require
predicting CLIP’s [36] contrastive loss or SigL.IP’s [50] sig-
moid loss, which is impractical in a post-hoc setting where

w:log(lJr

the pre-training loss is unknown. In contrast, ViLU is loss-
agnostic, relying only on whether a prediction is correct. As
shown in the experiments Tab. 4, training it as a binary clas-
sifier consistently outperforms loss prediction for VLMs,
naturally aligning with standard error detection metrics.

5. Experiments

This section presents experimental results validating our
multi-modal uncertainty model. We first focus on predicting
VLM failures in zero-shot classification across two setups:
i) standard image-label classification datasets and ii) large-
scale image-caption datasets. Next, we experimentally an-
alyze the different components of our model and training
procedure, conducting various assessments to evaluate its
behavior. We provide qualitative results and visualizations
illustrating the ability of ViLU to quantify uncertainty.

5.1. Experimental setup

Datasets. We conduct a benchmark across 16 commonly
used datasets to evaluate the ability of VLMs to detect
misclassification in image classification. As outlined in
Sec. 4.3, we consider two settings: i) image-label datasets
and ii) image-caption datasets. Image-label datasets are
standard datasets used in CLIP’s transfer learning [22, 52],
covering general object recognition, fine-grained classifica-
tion, and specialized domains (see Appendix A.1). We
use official or CoOp [53] data splits for evaluation. Image-
caption datasets, including CC3M [39], CC12M [4], and
LAION-400M [37], contain free-text descriptions for each
sample. From these datasets, we randomly hold out 1% of
the data for testing.

Implementation details. We use CLIP ViT-B/32 as the
default backbone in all experiments. Full implementation
details, along with additional results using other backbones,
are provided in Appendix A.2 and C.4, respectively.

Baselines. We explore relevant baselines for uncertainty
estimation in vision, as well as recent approaches for
VLMs. Further details on these baselines and implementa-
tion specifics can be found in Appendix A.3. 1) Measures
of output distribution: MCM [30], described in Sec. 3,
along with its calibrated variant [15], provide robust uncer-
tainty estimates without additional training. Similarly, En-
tropy [38] and Doctor [14] are commonly used as baselines
for uncertainty estimation. 2) Data-driven predictors: We
implement the recent Rel-U [13], which incorporates cross-
label uncertainties in the logit space. However, since Rel-
U relies on label-based information, it does not apply to
image-caption datasets. Additionally, we assess methods
that leverage embedding representations to learn patterns
related to uncertainty. Specifically, we compare against
baselines that predict classifier loss, such as ConfidNet [8]
and other vision-only estimators [19, 47], collectively re-
ferred to as ‘Learning Visual Uncertainty’ (LVU). Finally,
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CIFAR-10 CIFAR-100 Caltech101 Flowers102 OxfordPets Food101 ImageNet-1k
88.3% 68.6% 91.4% 64.0% 85.1% 78.9% 62.0%
AUCT FPR95| AUCtT FPRY9S| AUCT FPR9S, AUCT FPR9S| AUCYT FPR9S, AUCT FPR9S| AUC? FPRYS,
MCM [30] 899 521 827 673 881 687 866 680 872 599 864 633 808 713
TS[I5]+MCM [30] | 899 515 839 684 904 557 869 660 89.1 555 869 628 807 715
Entropy [38] 887 599 798 719 8.1 788 855 650 8.0 600 86.1 650 783 768
Doctor [14] 8905 565 823 697 887 665 8.7 639 89 566 868 634 803 729
Rel-U [13] 862 544 810 682 902 585 900 473 835 593 818 734 751 850
LVU [8, 19, 47] 96.6 212 803 685 89.8 509 905 383 841 557 827 699 7187 710
BayesVLM [2] 926 449 870 603 940 374 873 624 8.5 603 878 603 815 703
ViLU (Ours) 983 77 915 354 967 182 987 51 944 245 948 285 895 474
FGVCAircraft EuroSAT StanfordCars DTD SUN397 UCF101 Average
18.1% 35.8% 60.1% 43.0% 62.1% 61.6% 62.7%
AUCT FPR9S| AUCT FPR95S| AUCT FPR9S, AUC+t FPR95S| AUCT FPR9S, AUCT FPR95S| AUC*T FPRYS)
MCM [30] 757 829 641 876 814 734 774 779 788 759 841 689 | 818 70.6
TS[I5]+MCM [30] | 749 829 630 881 816 719 769 783 790 755 845 69.7 | 82.0 69.5
Entropy [38] 741 836 610 921 794 775 764 802 758 786 835 729 | 802 740
Doctor [14] 748 829 624 895 809 731 769 826 782 772 845 702 | 81.6 712
Rel-U [13] 686 8.5 763 721 755 789 814 697 752 813 841 611 | 80.7 68.6
LVU [8, 19, 47] 748 835 959 193 784 754 872 559 767 769 886 53.6 | 850 574
BayesVLM [2] 709 843 743 86.6 877 634 776 770 803 734 846 662 | 842 65.1
ViLU (Ours) 810 717 988 44 901 468 938 288 886 503 959 209 | 932 299

Table 1. Misclassification detection on image-label datasets. The evaluation leverages each dataset’s labeled classes as textual queries,
which are fixed for each batch. Values below dataset names denote CLIP zero-shot accuracy on the respective dataset.

we evaluate the most recent post-hoc UQ probabilistic mod-
eling approach designed for VLMs, BayesVLM [2].

Metrics. To assess the performance of our uncertainty
model, we rely on two standard metrics: 1) False Positive
Rate at 95% True Positive Rate (FPR95) and 2) Area Under
the receiver-operating characteristic Curve (AUC). These
are commonly used in failure prediction to quantify the
model’s ability to detect incorrect classifications [8, 13, 14].

5.2. Main results

Image classification datasets. In Tab. 1, we evaluate
misclassification detection on CLIP’s zero-shot predictions
across 13 standard image-label datasets. Notably, MCM
emerges as a strong baseline in this setting, even outper-
forming more complex methods such as Doctor and Rel-
U. This advantage arises because these methods rely on
task-specific vision classifiers, which are generally less
well-calibrated than large-scale pre-trained models. Con-
sequently, MCM achieves superior performance without
requiring post-processing steps, such as temperature scal-
ing [15], for failure prediction. On the other hand, ex-
pressive data-driven methods such as LVU, BayesVLM,
and our proposed ViLU enable more effective failure detec-
tion. Our proposed ViLU ranks first across all datasets and
metrics. Its novel architectural design leverages the class-
semantic information embedded in MCM while also captur-
ing uncertainty patterns specific to each sample’s ambigu-
ities. As a clear demonstration of its effectiveness, ViLU

achieves remarkable improvements in FPR9S5, surpassing
MCM, BayesVLM, and LVU by margins of —40.7, —35.2,
and —27.5, respectively (Tab. 1, Average column).

CLIP’s zero-shot accuracy for each dataset is reported
in Tab. 1. MCM and BayesVLM performances closely
follow CLIP’s accuracy, struggling in low zero-shot accu-
racy settings: they achieve only 64.1% and 74.3% AUC
in EuroSAT, a dataset on which CLIP’s accuracy is 35.8%.
This limitation makes them unreliable when zero-shot ac-
curacy is low — an unpredictable scenario in real-world set-
tings. In contrast, ViLU remains effective across all accu-
racy regimes. See Appendix C for further analysis.

Large-scale image-caption datasets. We now evaluate the
ability of state-of-the-art methods to detect failures in open-
vocabulary settings, where tasks vary based on the infer-
ence batch and its specific captions. Tab. 2 presents re-
sults for applicable baselines in this challenging setting,
along with the proposed ViLU. Unlike in previous ex-
periments on image-label datasets, LVU fails to outper-
form even the MCM baseline, underscoring the importance
of considering target objectives alongside sample-related
uncertainties in open-vocabulary scenarios. As a result,
methods specifically designed for vision-language models,
such as BayesVLM, achieve superior performance across
all three evaluated datasets. Our proposed ViLU achieves
the best performance, consistently surpassing BayesVLM
with FPR95 improvements of —21.5, —28.1, and —5.2 on
CC3M, CC12M, and LAION-400M, respectively. This ad-
vantage stems from our explicit modeling of misclassifi-
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CC3M CCI2M  LAION-400M
58.8% 73.5% 90.5%

AUCT FPR9S| AUCT FPR95| AUCT FPR95|

MCM [30] 839 69.0 888 588 917 502
Entropy [38] |82.5 733 877 630 894 625
Doctor [14] 837 701 886 599 912 545
LVU[S, 19,47]| 69.3 825 744 765 802 723
BayesVLM [2] | 87.1 62.6 90.9 533 951 264
VILU (Qurs) | 914 411 952 252 973 212

Table 2. Misclassification detection on image-caption datasets.
The evaluation uses the captions of each randomly-retrieved batch
as textual queries. Hence, the textual queries vary for each batch.
Results reported with a batch size of 1024 samples for inference.

cation errors, whereas BayesVLM focuses on the uncer-
tainty of similarities between individual embeddings, which
is more implicit.

5.3. Ablation studies

Architectural design of ViLU. Tab. 3 highlights the con-
tributions of different components in our model, namely
the cross-attention mechanism and the inclusion of the pre-
dicted caption as input. As observed in [8, 19], using only
visual information (first row) is effective on CIFAR-10 but
struggles on larger datasets with fine-grained or semanti-
cally similar concepts. For instance, on ImageNet-1k, vi-
sual information alone fails to outperform MCM. Incor-
porating the predicted class textual embedding (second
row) significantly improves performance across all datasets,
yielding a +10 AUC gain on ImageNet-1k and +14 AUC
on CCI12M. This additional input helps the model to han-
dle class ambiguity, which is crucial for datasets where
categories are easily confused. For example, as shown in
Fig. 3, the class container ship is often misclassified
as ocean liner, another type of boat. Finally, the cross-
attention module (third row) enables the model to integrate
contextual information from all candidate classes or cap-
tions. By re-contextualizing predictions among available
textual inputs, this mechanism proves particularly benefi-
cial for CC12M, where captions change dynamically across
batches. Unlike CIFAR-10 and ImageNet-1k, where class
sets are fixed, omitting cross-attention in CC12M results in
an AUC plateau at 88.9, only slightly above MCM. Incorpo-
rating this mechanism enhances the model’s ability to detect
ambiguities and assess potential errors.

Loss function design for failure prediction. In Sec. 4.3,
we discussed our optimization target and choice of loss
function. Unlike prior works [8, 19, 47], which treat the
problem as a regression task by directly predicting the test-
time loss and optimizing it with MSE, we instead frame it
as a binary classification task, distinguishing between errors
and correct predictions. As shown in Tab. 4, this approach
consistently outperforms MSE-based loss approximations,

Visual Cross Predicted CIFAR-10 ImageNet-1k CCI12M
embed. attention caption

AUCT FPR9S| AUCT FPR9S| AUCT FPROS)

4 X X 96.4 218 787 77.0 740 765
4 X v 97.9 10.8 88.8 50.1 889 489
v 4 X 97.7 114 86.1 635 93.6 37.0
v 4 v 98.3 82 895 474 952 252

MCM [30] 89.9 52.1 808 713 888 588

Table 3. Ablation on different components of ViLU.

GT: "mailbox”
Pred: "birdhouse”

GT: “container ship”
Pred: “ocean liner”

Figure 3. Two qualitative examples. Misclassifications detected
by ViLU, but not MCM [30] and visual-only baselines [8, 19].

yielding a +3 AUC improvement on ImageNet-1k while re-
ducing FPR95 by 16 points. Additionally, our automatic
weighting of the two classes (misclassified and correctly
classified) further enhances the performance, resulting in a
+1 AUC gain on ImageNet-1k and a 2-point reduction in
FPRO95 on CIFAR-10.

CIFAR-10  ImageNet-1k

AUCT FPR95| AUCT FPRO95)

MSE [8, 19] 95.1 304 848 644
_ W/ Weighting 956 296 857 632
BCE 9777 7105 886 434

w/ Weighting (Ours) 983 82 895 474

Table 4. Role of the proposed weighted loss. Effect of loss func-
tion choice and adaptive weighting in Eq. (10) for failure detection.

5.4. In-depth analysis

Classification complexity on image-caption datasets.
Fig. 4 explores the performance of ViLU in challenging
image-caption classification tasks, where difficulty is deter-
mined by the number of concepts to be distinguished simul-
taneously, i.e., batch size used for inference. Naturally, in-
creasing the batch size makes the classification more com-
plex, making errors harder to detect for methods that rely
on semantic relationships among query concepts, such as
ViLU or MCM. However, ViLU consistently outperforms
MCM across all batch sizes. Notably, this configuration
does not affect prior LVU methods, which estimate vision-
only uncertainty. However, they fall short in performance,
particularly compared to the proposed ViLU.

Requirements on training data. As a data-driven uncer-
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Figure 4. Robustness to image-caption task complexity. Infer-
ence batch size effect in failure detection for ViLU (CC12M).

tainty quantifier, the proposed ViLU requires a subset of
image-caption or image-label examples. Fig. 5 illustrates
the data-efficiency of the proposed approach for uncertainty
quantification. The results showcase the efficiency of ViLU,
which requires only a small amount of data to surpass the
strong baseline MCM, e.g., 2.5% for ImageNet and even
less for specialized datasets such as EuroSAT.
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Figure 5. Data-efficiency. Performance, in terms of FPR95|,
w.r.t. the available data for training ViLU.

Cross-datasets generalization. To evaluate ViLU’s robust-
ness to dataset shifts and its ability to generalize without
per-dataset tuning, we report in Tab. 5 its zero-shot transfer
performance when pre-trained on the large-scale CC12M
dataset. ViLU consistently outperforms MCM across all 12
datasets in this pure transfer setting. The table also high-
lights ViLU’s clear advantage over LVU (also trained on
CC12M), underscoring the benefit of explicitly modeling
vision-language uncertainty for zero-shot generalization.
While these results demonstrate strong transfer capabilities,
generalization can still be improved. In Appendix C.6, we
explore how smarter batch sampling strategies aimed at im-
proving concept coverage during pre-training could further
enhance performance.

Qualitative assessment. In Fig. 3, we present two quali-
tative examples from ImageNet where the VLM misclas-
sified the input images. On the left, the model predicted
ocean liner instead of container ship, likely due
to their shared visual features as large vessels. On the right,
amailbox was misclassified as a birdhouse, possibly
influenced by the surrounding vegetation and the mailbox’s

Dataset MCM LVU VIiLU

CIFAR-10 52.1 77.2 54.2
CIFAR-100 67.3 83.8 59.9
Caltech101 68.7 82.5 48.8
Flowers102 68.0 96.8 67.4
OxfordPets 59.9 93.1 58.1
Food101 63.3 87.2 67.4
FGVCAircraft 82.9 94.5 82.3
EuroSAT 87.6 88.2 85.7
DTD 77.9 93.1 78.2
SUN397 75.9 90.1 72.7
StanfordCars 73.4 92.6 84.1
UCF101 68.9 90.4 63.8
Average 70.5 89.1 68.6

Table 5. FPR95] across datasets. Zero-shot performance when
pre-trained on CC12M.

opening, which resemble typical birdhouse features. ViLU
effectively captures both sources of ambiguity: semantic
confusion between visually similar classes and misinterpre-
tations driven by contextual cues.

Uncertainty distribution score. Fig. ¢ illustrates the ef-
fectiveness of different uncertainty estimation methods in
distinguishing between correctly and incorrectly classified
samples on ImageNet. In MCM and LVU, the uncertainty
distributions for success and failure overlap significantly.
In contrast, ViLU produces a more distinct separation. In-
deed, misclassified samples receive high uncertainty (peak-
ing near 1.0), while correct predictions have low uncertainty
(peaking near 0.0). Its higher density at the extremes indi-
cates a well-calibrated uncertainty measure.

MCM VU ViLU
3.0 [ 61/ [ Success
251 2.0 | 51| M Failure
22.04 1.5 a|
[} |
4 31|
g1 1.04 |
01.04 21|
0.5 051 1|
0.0 0.0 0

0.0 0.2 0.4 06 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Uncertainty Score

0.0 0.2 0.4 06 0.8 1.0

Figure 6. Uncertainty score distribution. Predictions for cor-
rectly and incorrectly classified samples on ImageNet.

6. Conclusion

We have presented our ViLU method, a new uncertainty
quantification approach for failure prediction of pre-trained
VLMs. ViLU learns an appropriate uncertainty embedding
space including fine interactions between visual and con-
cepts ambiguities to learn an effective binary failure predic-
tor on the downstream task. Extensive experiments on se-
veral datasets show the significant gain of our method com-
pared to state-of-the-art UQ methods for failure prediction.
In addition, ablation studies clearly validate our architec-
tural choices and training design. We also show that ViLU
remains effective even in the low-performance regime of
VLMs. Future works include adjusting ViLU in the context
of domain adaptation and test-time adaptation of VLMs.
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