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A. Theoretical Analysis on Confidence Degra-
dation

• Let Y be the discrete label variable taking values in
{1, . . . ,K}.

• Let XS denote the collection of modality inputs whose
indices lie in S ⊆ {1, . . . ,M}. In particular XM is the
full multimodal input and XT with T ⊂ S denotes a
subset (less information).

• The conditional entropy of Y on X is H(Y | X).

Theorem 1. Adding more modalities cannot increase the
conditional entropy:

H(Y | XS) ≤ H(Y | XT ), for T ⊂ S.

Proof. If T ⊂ S, then by the data processing inequality [2],
we have I(Y ;XT ) ≤ I(Y ;XS), meaning that adding
modalities cannot decrease the mutual information between
the input and the label. Since I(Y ;X) = H(Y )−H(Y | X)
and H(Y ) is fixed, it follows directly that H(Y | XS) ≤
H(Y | XT ). ■

From Theorem 1, we know that when all modalities are
predictive of the target, adding additional input information
(i.e., more modalities) cannot increase the conditional en-
tropy. Consequently, the model’s uncertainty should not
increase as more modalities are provided. Confidence degra-
dation, where predictions become less confident after adding
modalities, therefore reflects an undesirable and theoretically
inconsistent behavior in multimodal learning.

Theorem 2. Confidence degradation is linked to a higher
theoretical bound on prediction error.

Proof. Let Pe = Pr(Y ̸= Ŷ ) denote the probability of
prediction error. By Fano’s inequality [35], the error rate is
bounded by the true conditional entropy:

Pe ≥
H(Y |X)− 1

log2(|Y |)
.

Confidence degradation refers to the phenomenon where
the fused multimodal prediction has lower confidence than

at least one of its unimodal predictions. Lower predictive
confidence implies greater uncertainty about the output dis-
tribution, which corresponds to an increase in H(Y |X). Ac-
cording to Fano’s inequality, a higher conditional entropy
raises the minimum theoretical bound on error. Thus, while
not a direct cause, confidence degradation reflects a state
where the model’s perceived uncertainty is higher, which is
strongly associated with a higher potential for misclassifica-
tion. ■

Theorem 2 formalizes the key phenomenon we observe
in practice: failures in multimodal systems frequently occur
together with confidence degradation.

B. Broader Impact, Limitations, and Future
Work

Broader Impact. The ACR framework presented in this
work has the potential to generate a significant positive soci-
etal impact. As AI systems, especially multimodal ones, are
increasingly integrated into safety-critical applications such
as autonomous driving, medical diagnosis, and industrial
robotics, the ability to reliably detect potential failures (i.e.,
misclassifications) is paramount. ACR directly contributes
to enhancing the safety and trustworthiness of these systems
by providing a dedicated mechanism to identify and flag
uncertain predictions before they can lead to adverse out-
comes. This can foster greater public trust and accelerate
the responsible adoption of AI technologies in areas where
reliability is non-negotiable. Furthermore, by improving the
understanding of failure modes in multimodal models, such
as the identified confidence degradation phenomenon, our
work can guide the development of more robust and depend-
able AI systems across various domains, ultimately leading
to safer and more effective human-AI collaboration.
Limitations. While ACR demonstrates strong gains across
multiple datasets and modalities, it has several limitations.
First, while we demonstrate robustness under certain distribu-
tion shifts and OOD scenarios, the behavior of ACR against
sophisticated adversarial attacks specifically designed to
fool the misclassification detector itself remains an open
area. Second, our current study primarily focuses on specific



types of modalities (e.g., video, optical flow, and audio). The
generalization of ACR to a very broad range of disparate
modalities (e.g., text with medical imaging, or sensor data
with acoustic signals) without specific adaptations warrants
further investigation.
Future Work. Building upon the contributions of this pa-
per, several avenues for future research present themselves.
First, we plan to explore the integration of ACR with on-
line learning and continual learning paradigms. This would
allow the misclassification detector to adapt dynamically
to evolving data distributions and novel failure modes en-
countered during real-world deployment, which is crucial
for long-term operational reliability. Second, extending and
evaluating ACR across a wider spectrum of modalities (e.g.,
language, audio, tabular data) and a more diverse set of
complex, safety-critical tasks (e.g., real-time robotic interac-
tion) is a key direction. Finally, investigating the robustness
of ACR against targeted adversarial attacks and develop-
ing defense mechanisms will be crucial for deployment in
adversarial settings.

C. Related Work

C.1. Failure Detection

Foundational work on failure prediction originates from se-
lective classification, which formalizes the trade-off between
prediction accuracy and abstention under uncertainty [4]. In
the deep learning era, this concept has re-emerged as failure
detection (FD), where the goal is to identify test samples on
which a model is likely to be incorrect [10, 33]. Threshold-
ing the maximum softmax probability (MSP) [13] remains a
strong baseline, yet its vulnerability to overconfidence limits
its reliability [32, 33]. Beyond MSP, a large body of work
aims to more effectively estimate prediction risk.

One stream of research focuses on training auxiliary mod-
ules, such as heads or separate networks, to explicitly pre-
dict correctness based on intermediate features or model
logits [5, 11, 17]. For instance, ConfidNet [5] introduces
a dedicated confidence estimation head that operates on
penultimate-layer features. A distinct line of research adopts
an integrated approach, jointly optimizing FD functional-
ities with the primary model’s training objective. Repre-
sentative techniques in this category include improving the
separability of correct and incorrect representations [28],
enhancing confidence ranking [29], regularizing based on
sample typicality [27], and enforcing flatter loss landscapes
around misclassified examples [46]. Concurrently, data aug-
mentation strategies have proven effective, primarily by ex-
posing the model to synthesized failure cases during train-
ing [3, 12, 23, 47]. However, all previous approaches were
designed for unimodal scenarios, without accounting for the
interaction and complementary nature of diverse modalities.

C.2. Out-of-Distribution Detection
OOD detection shares a similar objective with FD but ad-
dresses fundamentally different challenges [30]. Specif-
ically, OOD detection aims to identify test samples that
exhibit semantic shifts from the training distribution, typ-
ically without compromising in-distribution (ID) classifi-
cation accuracy. OOD detection has been extensively in-
vestigated in recent years [42, 44], encompassing diverse
approaches such as post-hoc scoring [13, 24, 26], feature-
based techniques [21, 39], outlier exposure [14, 41, 43], and
reconstruction-based methods [7, 45]. Multimodal OOD de-
tection [9, 22] is also an emerging research area. Although
OOD detection methods are often employed as baselines for
FD, recent studies [15, 46, 47] demonstrate that techniques
optimized for OOD detection generally exhibit suboptimal
performance on FD tasks. This finding underscores the ne-
cessity for developing specialized FD approaches.

C.3. Interpretability-Based Failure Prediction
A complementary line of work investigates predicting fail-
ures by analyzing a model’s internal reasoning rather than
relying solely on output confidence [16, 38]. Recent meth-
ods [31, 34] leverage post-hoc interpretability techniques
(e.g., Grad-CAM [36], saliency [1], concept activation [19])
and train auxiliary meta-predictors to detect unreliable ex-
planations. These approaches identify patterns such as
noisy attention, background-biased focus, and lack of class-
discriminative localization, which often correlate with mis-
classifications. While informative, interpretability-driven
failure prediction requires generating explanations for every
test sample, incurring significant computational overhead,
and remains decoupled from the model’s training dynam-
ics. In contrast, ACR embeds failure awareness directly into
training and enables failure prediction in a single forward
pass, eliminating the cost and complexity associated with
post-hoc explanations.

D. Further Details on Datasets

Our framework is primarily evaluated on four action
recognition datasets from the MultiOOD benchmark [9]:
HMDB51 [20], EPIC-Kitchens [6], HAC [8], and Kinetics-
600 [18]. For evaluating multimodal Out-of-Distribution
(OOD) detection in ablation studies, we additionally em-
ploy the UCF101 dataset [37], also from the MultiOOD
benchmark. Fig. 1 illustrates the four main datasets used for
multimodal failure detection.

HMDB51 is an action recognition dataset comprising
6,766 video clips distributed across 51 action categories.
The videos are sourced from digitized movies and YouTube.
This dataset includes both video and optical flow modalities.
EPIC-Kitchens is an egocentric video dataset capturing
daily kitchen activities recorded by 32 participants. For our
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Figure 1. An illustration of the four main datasets we used for
multimodal failure detection.

experiments, we utilize a subset of 4,871 video clips from
participant P22, encompassing eight common actions (put,
take, open, close, wash, cut, mix, and pour). The dataset
provides video and optical flow modalities. Kinetics-600 is
a large-scale action recognition dataset containing approxi-
mately 480,000 10-second clips distributed across 600 action
classes. Following [9], we utilize a subset of 100 classes,
resulting in 24,981 video clips for our study. This dataset
offers video, audio, and optical flow modalities. HAC con-
tains 3,381 video clips featuring seven action categories (e.g.,
sleeping, watching TV, eating, running) performed by hu-
mans, animals, and cartoon characters. The dataset includes
video, optical flow, and audio modalities. UCF101 is a di-
verse video action recognition dataset consisting of 13,320
clips across 101 action classes. The videos, sourced from
YouTube, exhibit significant variation in camera motion, ob-
ject appearance, scale, pose, viewpoint, and background.
This dataset provides video and optical flow modalities.

E. More Implementation Details

Pseudo Code for Multimodal Feature Swapping. We pro-
vide the pseudo code for multimodal outlier synthesis in
Algorithm 1, where we dynamically swap multimodal fea-
ture embeddings and assign them corresponding soft labels.
MFS naturally generalizes beyond the two-modality setting.
In Algorithm 2, we illustrate how to extend MFS to three
modalities. We extend MFS to this setting by randomly se-
lecting a start index for each modality and swapping them
cyclically: E1 → E2, E2 → E3, and E3 → E1, thus creat-
ing outlier features for all three modalities. This generalized
formulation enables flexible synthesis of multimodal failure
cases, capturing higher-order inconsistencies (e.g., tri-modal
conflicts) and scaling effectively to heterogeneous sensor
configurations commonly found in real-world systems.
Extension of ACL to More Modalities. Our framework is

Algorithm 1 Multimodal Feature Swapping

Input: ID feature E = [E1,E2], where E1 and E2 are
from modality 1 and 2; minimum and maximum number
nmin and nmax for swapping; ground-truth one-hot label
ytrue for E and youtlier = C + 1.
Pseudo Code:

Sample nswap ∼ U(nmin, nmax), λ =
nswap

nmax
;

Randomly select start indices s1, s2 for modality 1 and
2;

Clone features Ẽ1 ← E1, Ẽ2 ← E2;
Swap nswap dimensions across modalities:

Ẽ1[s1:s1+nswap]← E2[s2:s2+nswap]

Ẽ2[s2:s2+nswap]← E1[s1:s1+nswap]

Generate label for outlier feature yswapped = (1 −
λ)ytrue + λyoutlier.
Output: Multimodal outlier feature Eo = [Ẽ1, Ẽ2] and
label ymixed.

Algorithm 2 Multimodal Feature Swapping with Three
Modalities

Input: ID feature E = [E1,E2,E3], where E1, E2, and
E3 are from modality 1, 2, and 3; minimum and maximum
number nmin and nmax for swapping; ground-truth one-hot
label ytrue for E and youtlier = C + 1.
Pseudo Code:

Sample nswap ∼ U(nmin, nmax), λ =
nswap

nmax
;

Randomly select start indices s1, s2, s3 for modality 1,
2, and 3;

Clone features Ẽ1 ← E1, Ẽ2 ← E2, Ẽ3 ← E3;
Swap nswap dimensions across modalities:

Ẽ1[s1:s1+nswap]← E3[s3:s3+nswap]

Ẽ2[s2:s2+nswap]← E1[s1:s1+nswap]

Ẽ3[s3:s3+nswap]← E2[s2:s2+nswap]

Generate label for outlier feature yswapped = (1 −
λ)ytrue + λyoutlier.
Output: Multimodal outlier feature Eo = [Ẽ1, Ẽ2, Ẽ3]
and label ymixed.

not limited to two modalities and can be easily extended to
M modalities. Given a training sample x with M modal-
ities, we obtain prediction confidence score conf from the
combined embeddings of all modalities, and conf1, conf2, ...,
confM from each modality. The Adaptive Confidence Loss



AURC↓ AUROC↑ FPR95↓ ACC↑
128 29.08 88.27 49.57 86.66
256 25.11 90.55 46.22 86.43
512 25.34 90.98 43.90 85.97

Table 1. Effect of nmax in MFS.
AURC↓ AUROC↑ FPR95↓ ACC↑

0.2 24.42 90.19 46.15 86.66
0.5 24.18 90.28 46.22 87.00
1.0 23.11 90.93 42.11 86.55
2.0 19.97 92.02 41.96 87.23

Table 2. Effect of weight λacl for ACL.

AURC↓ AUROC↑ FPR95↓ ACC↑
MSP 30.24 86.63 62.75 86.03
ACR 15.38 87.79 58.06 91.51

Table 3. Results on Office-Home dataset by fusing images from
distinct domains.

can then be defined as:

Lacl =
1

M

M∑
i=1

max(0, confi − conf). (1)

F. More Ablation Studies
Parameter Sensitivity. We evaluate the sensitivity of our
framework to two key hyperparameters using the HMDB51
dataset. First, the maximum swapping dimension nmax for
Multimodal Feature Swapping (MFS) was varied among 128,
256, and 512, with results presented in Table 1. An nmax

value of 256 yielded the optimal balance, achieving robust
performance across all evaluation metrics. Subsequently,
with nmax fixed at 256, the weight λacl for Adaptive Confi-
dence Loss (ACL) was evaluated over the set 0.2, 0.5, 1.0,
and 2.0 (detailed in Table 2). A value of λacl = 2.0 consis-
tently delivered the strongest FD performance. Importantly,
the framework’s performance remained stable across both
parameter sweeps, underscoring its robustness to variations
in these hyperparameters.
Generalize to Image Classification. We evaluated on
Office-Home Dataset [40] by treating images from distinct
domains (i.e., Art and RealWorld) as different modalities
and fusing them. We show that ACR can be generalized to
the image classification task in Tab. 3.

G. Further Discussions on Proposed Modules
G.1. Mechanism of ACL
In Sec. 2.2, we show failures in multimodal systems fre-
quently coincide with confidence degradation. We provided
theoretical analysis in Appendix Sec. 1 and show that when
distinct modalities are predictive of a target, adding modal-
ities cannot increase conditional entropy. Hence, we intro-

Method Correct Predictions (↑) Incorrect Predictions (↓)
HMDB51 EPIC HAC Kinetics HMDB51 EPIC HAC Kinetics

w/o ACL 0.95 0.91 0.94 0.92 0.80 0.73 0.74 0.64
w/ ACL 0.96 0.93 0.96 0.93 0.63 0.69 0.62 0.57

Table 4. Average fused confidence on correct and incorrect pre-
dictions.

duce ACL to enforce better information integration, ensur-
ing that fused evidence yields more separable confidence
between correct and incorrect samples. The mechanism re-
lies on the interplay between ACL and the cross-entropy
loss (Lcls). When predictions are correct, Lcls and ACL
work together to drive the fused confidence higher. On in-
correct samples, Lcls pushes fused confidence down. If a
unimodal branch remains overconfident, ACL remains high.
To minimize total loss, gradients propagate to suppress the
overconfident unimodal encoder, as the fused head cannot
rise without violating Lcls. This ensures that ACL boosts
confidence only for correct predictions while avoiding over-
confidence in incorrect predictions (Tab. 4), hence (together
with MFS) widening the confidence separation that directly
benefits failure detection.

How Adaptive Confidence Loss Addresses Unimodal
Overconfidence. Imagine a situation where one modality
(e.g., audio) is ambiguous or corrupted, causing its corre-
sponding unimodal network to make a confidently wrong
prediction (high conf1). The other modality (e.g., video)
provides clear evidence for the correct class, leading to a cor-
rect, high-confidence prediction (conf2). A standard fusion
model might struggle to integrate these conflicting signals.
If the fusion process results in a moderate fused confidence
conf that is lower than the erroneously high conf1, it will
incur a large ACL penalty from the max(0, conf1 − conf)
term. To minimize this loss, the model can’t easily force the
fused confidence up without a good reason, as that would
be penalized by the cross-entropy loss term Lcls if the pre-
diction is wrong. Instead, a more effective way to reduce
the ACL loss is to lower the confidence of the overconfident
unimodal prediction (conf1). Through repeated exposure
to such conflicting examples during training, the unimodal
feature extractor learns a valuable lesson. It learns that
producing a high-confidence prediction that is likely to be
contradicted by another modality is "expensive" in terms of
the overall loss. Therefore, it adjusts its weights to become
more cautious and better calibrated. The unimodal network
learns to associate maximum confidence not just with strong
internal features, but with features that are also robust and
likely to lead to cross-modal agreement. As shown in Fig. 2
and Fig. 3, training with ACL effectively alleviates unimodal
overconfidence on incorrect predictions across all datasets.
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Figure 2. The average confidence on incorrect predictions for video
modality w/ and w/o ACL.
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Figure 3. The average confidence on incorrect predictions for opti-
cal flow modality w/ and w/o ACL.

G.2. Mechanism of MFS
Multimodal Feature Swapping. Our MFS module isn’t
designed to replicate the entire, complex distribution of all
possible real-world failures, as this would be intractable. In-
stead, MFS serves as a principled and targeted regularizer
that exposes the model to a critical and common failure mode
in multimodal systems: cross-modal inconsistency. Our core
hypothesis is that many real-world errors arise from conflict-
ing or ambiguous signals between modalities. MFS directly
simulates this failure mode by swapping feature segments.
Unlike generic outlier exposure (OE) or manifold mixup,
MFS creates challenging, near-ID hard negatives by pre-
serving intra-modal semantics while breaking cross-modal
consistency. Ultimately, the model learns which structurally
ambiguous cases should stay low-confidence.

The feature swapping operation preserves local modality
structure within unswapped segments, maintaining realistic
intra-modal patterns while disrupting cross-modal alignment
through swapped segments, simulating realistic sensor con-
flicts or temporal misalignments. It can also generate outliers
of varying difficulty by adjusting the nswap parameter, rang-
ing from subtle inconsistencies when nswap is small to severe
cross-modal conflicts when nswap is large.

Training on these synthesized samples forces the model to
develop a more robust fusion mechanism that must critically
assess the semantic agreement between modalities. This
closer examination of cross-modal consistency improves its
ability to detect real-world misclassifications, which often
exhibit similar signal conflicts. The effectiveness of this
approach is validated by our extensive empirical results,
which demonstrate that learning to reject these synthetic
inconsistencies directly translates to better identification of
real-world errors. Fig. 4 gives a detailed illustration of how
MFS enables the detection and rejection of uncertain predic-
tions, thereby improving model reliability. The soft labeling
parameter λ provides calibrated training signals proportional
to the degree of synthetic corruption, allowing the model to
learn fine-grained uncertainty estimation.
Why Contiguous Swapping and Effective? Real multi-
modal failures are typically localized/structured rather than
i.i.d. white noise (e.g., a few seconds of missing audio, a re-
gion of blurred video, or temporal misalignment). Swapping
contiguous blocks provides a simple inductive bias that in-
troduces localized disruption instead of globally destroying
the representation. Importantly, this choice is empirically
validated: contiguous swapping outperforms random per-
turbations (noise/drop/random mixing) in our ablations in
Tab. 7.
Semantic Preservation. MFS swaps only a subset of feature
dimensions, leaving most dimensions unchanged and thereby
preserving intra-modal semantics. As evidence, predictions
from original and MFS features agree in 99.2% of cases
(indicating preserved semantics), with the MFS features
yielding 0.1 lower confidence on average.
Why MFS Succeeds where OE Fails? OE mainly trains re-
jection under semantic shift (OOD). In contrast, multimodal
failures often occur within ID semantics but with conflict-
ing/ambiguous evidence across modalities. MFS explicitly
synthesizes such cross-modal inconsistency, producing sam-
ples that remain semantically ID yet structurally unreliable.
Difference between MFS and Feature Mixing. While both
MFS and Feature Mixing [25] generate outliers by swapping
feature dimensions between modalities, their primary goal
and supervision strategies are fundamentally different. MFS
is designed for misclassification detection. Its goal is to
teach the model to identify when it’s making a mistake on
in-distribution data. The model learns to classify the outlier
using a specific soft label that mixes the true class with a new
"outlier" class. This helps it recognize failure-aware samples
that have conflicting internal signals. Feature Mixing is
designed for out-of-distribution detection. Its goal is to teach
the model to identify data that comes from unknown classes
not seen during training. The model learns to be confused by
the outlier. The entropy loss forces the model to be uncertain,
outputting a flat, uniform probability distribution over all
known classes. This teaches it to assign low confidence to
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Figure 4. An illustration of how MFS enables the detection and
rejection of uncertain predictions, thereby improving model relia-
bility. The failure-aware outliers generated by MFS are treated as
uncertain because they introduce cross-modal inconsistency. Ac-
cordingly, their soft label yswapped reduces the ground-truth class
probability from 1 to 1− λ, compared to ytrue. Training with cross-
entropy loss on yswapped ensures that the prediction confidence on
failure-aware outliers remains lower than on normal features, which
is exactly the desired outcome.

anything that doesn’t look like in-distribution data.
As for the implementation, MFS selects a single contigu-

ous block of feature dimensions per modality (sample start
indices s1, s2, and swap nswap consecutive dims). The size
nswap is sampled from U(nmin, nmax), so it can control how
close and far the synthesized outliers lie from ID. Feature
Mixing randomly samples an arbitrary subset of N feature
dimensions from each modality (non-contiguous, indepen-
dent indices) and swaps those positions between modalities
(simple index-based swap). Our ablation results show that
MFS achieves superior performance compared to Feature
Mixing in the context of multimodal failure detection.
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