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Abstract— In recent years, multimodal anomaly detection
methods have demonstrated remarkable performance improve-
ments over video-only models. However, real-world multimodal
data is often corrupted due to unforeseen environmental distor-
tions. In this paper, we present the first-of-its-kind work that
comprehensively investigates the adverse effects of corrupted
modalities on multimodal anomaly detection task. To streamline
this work, we propose Robusta, a carefully curated evaluation
dataset to systematically observe the impacts of audio and visual
corruptions on the overall effectiveness of anomaly detection sys-
tems. Furthermore, we propose a multimodal anomaly detection
method, which shows notable resilience against corrupted modal-
ities. The proposed method learns a shared representation space
for different modalities and employs a dynamic weighting scheme
during inference based on the estimated level of corruption. Our
work represents a significant step forward in enabling the real-
world application of multimodal anomaly detection, addressing
situations where the likely events of modality corruptions occur.
The proposed evaluation dataset with corrupted modalities and
respective extracted features will be made publicly available.

Index Terms—Anomaly detection, Audio-visual modalities,
Corrupted and missing modalities

I. INTRODUCTION

IDEO anomaly detection (VAD) is a challenging com-
Vputer vision task with various real-world applications
including surveillance, autonomous navigation, packaging, and
biomedical imaging [1]. Generally, VAD methods aim to
predict high anomaly scores for the frames in a video that
deviate significantly from the norm, where the application
context determines the norm. For example, events such as
shoplifting or violence can be considered anomalies in the
CCTYV surveillance context [2]. Since it is laborious to obtain
fine-grained (pixel-level or frame-level) labels of anomalies
in videos, a weakly-supervised VAD (WS-VAD) setting that
learns to detect anomalous frames using only video-level
binary labels is typically used. In WS-VAD, a training video is
labeled as normal if no anomalous event is present, whereas it
is labeled as an anomaly if any anomalous event is present [3]—-
[5]. In recent years, WS-VAD has gained considerable popular-
ity and became a mainstream VAD paradigm [3], [6], [7]. More
recently, WS-VAD has been transformed into a multimodal
learning task by including other informative modalities such
as audio to discriminate and locate events better [2], [8]. For
instance, it is challenging to rely only on visual signals in
shaky videos covering an explosion event. However, if accom-
panied by the audio modality, the event can be easily classified.
Prior works have successfully shown the effectiveness of using
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Fig. 1. Existing multimodal anomaly detection approaches [2], [11], [12] are
not robust when subjected to corruptions in either modality, including vision
(e.g., fog and motion blur) or audio (e.g., babble).

video and audio pairs to improve the overall performance of
WS-VAD [2], [9], [10].

Despite their many advantages, deep neural network models
are vulnerable to typical corruptions in the input data (e.g.,
degradations, distortions, and disturbances caused by weather
changes, system errors, etc.) [13]. Though multimodal learn-
ing systems achieve better performance on multimodal data
[14] compared to their unimodal counterparts, they are also
susceptible to such vulnerabilities. Multimodal VAD systems,
in particular, are prone to such issues (see Fig. 1), as they
are often subjected to extreme environmental conditions [15].
For this reason, it is essential to design methods that can
withstand corrupted data during deployment. While it may
be possible to achieve this goal by including corrupted data
during the training process, this work aims to evaluate the
robustness of multimodal VAD systems trained only on clean
data, when encountering corrupted data during deployment.
Existing literature lacks a detailed study and appropriate
dataset that investigates the impact of corrupted modalities on
WS-VAD and multimodal VAD systems.

In this work, we empirically investigate this problem with
a proposed dataset, RobustA, specifically to study this is-
sue. We observe that existing multimodal anomaly detection
models deteriorate dramatically under corrupted data. For
example, in Fig. 1, the performance of XDVioDet [2] drops
from 78.36% to 58.70% when exposed to fog in visual
modality during testing. To alleviate this issue, we propose
a robust anomaly detection method that is resilient against
corrupted modalities. The proposed method independently
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maps multiple modalities into a shared representation space.
This shared space can be particularly beneficial in scenarios
where one modality is compromised. For example, if one
modality becomes distorted, inaccurate, noisy, or is entirely
missing, the shared space can leverage information from the
remaining modalities to compensate for the loss. Results
reported in Section V-B suggest that our approach not only
yields better multimodal performance but also demonstrates
resilience against corruptions.

The key contributions of our work are as follows:

o« We present RobustA, a first-of-its-kind, carefully cu-
rated dataset comprising 8 visual corruptions and 8 au-
dio corruptions, enabling evaluation of the multimodal
anomaly detection methods against various types and
levels of modality corruptions.

o« We propose an anomaly detection approach that inde-
pendently maps multiple modalities to learn representa-
tions in a shared space while dynamically adjusting the
weights of individual modalities to reduce the impact of
the compromised modality towards multimodal anomaly
detection.

o We study the plug-and-play nature of our proposed ap-
proach, demonstrating its resilience against compromised
modalities when used in conjunction with existing ap-
proaches.

II. RELATED WORK

A. Weakly Supervised Video Anomaly Detection and Multi-
modality

Weakly Supervised Video Anomaly Detection (WS-VAD)
refers to the process of identifying abnormal events in a given
video while the training is carried out using only video-level
binary labels. The problem was first introduced by Sultani
et al. [3] where the authors utilized multi-instance learning
based ranking to carry out the overall training. The research
was advanced by several researchers [16]-[18]. However, most
of these studies are focused on unimodal (video-only) training
and testing.

More recently, anomaly detection task is transformed into
multimodal learning where more than one modalities (usually
vision and audio) are present during training and testing.
For example, XDVioDet [2] utilized a multi-branch neural
network comprising holistic, localized, and score branches
to effectively leverage multimodal feature representations.
Similarly, HyperVD [11] proposed a method using two
graph-based hyperbolic convolutional networks for spatio-
temporal feature extraction from multimodal input. While the
multimodal anomaly detection task has gained popularity due
to superior performance compared to the unimodal coun-
terpart approaches, existing literature lacks rigorous studies
understanding the adverse effects of compromised data on
multimodal learning systems. As, CCTV surveillance cameras
equipped with anomaly detection systems are highly prone to
environmental corruptions, it is pertinent to explore this novel
research direction.

B. Addressing Compromised Modalities

Corrupted Modalities. Data collected from diverse multi-
ple sources may contain corrupted samples due to various
factors, such as sensor failure, obstructions in the video
stream, noise in audio signals, data storage errors, and many
more. Recent years have seen an increased interest in inves-
tigating the vulnerability of deep models against modality
corruptions [19]-[23]. For example, Hendrycks et al. [24]
built benchmarks to evaluate the performance of various
Convolutional Network Networks on the image classification
task. Similarly, Yi et al. [15] curated robust video classifi-
cation benchmark to evaluate state-of-the-art Convolutional
Networks and Transformers against video corruptions. The
growing interest has also broadened to multimodal learning
where handling compromised modalities is critical to improve
performance and robustness. For example, Beemelmanns et
al. [20] introduces MultiCorrupt framework to evaluate the
robustness of multimodal 3D object detectors against various
corruption categories. Similarly, Hong et al. [25] proposed a
multimodal input corruption modeling to develop robust audio-
visual speech recognition models. These studies demonstrate
that the performance of unimodal or multimodal methods
deteriorate dramatically when a modality is corrupted.
Missing Modalities Multimodal learning has shown re-
markable performance improvements over unimodal methods.
However, such methods exhibit deteriorated performances if
one or more modalities are missing [26]-[29]. Considering the
significance of multimodal learning, recent years have seen an
increased interest in studies addressing missing modalities for
various tasks including classification, such as [30]-[32].
While these methods have notably enhanced model robustness
in addressing compromised modalities across various applica-
tion areas, to the best of our knowledge, there remains a gap
in the literature for the multimodal anomaly detection task.
In this work, we investigated the robustness of multimodal
anomaly detection under a carefully crafted dataset of com-
promised modalities. Moreover, we propose a robust approach
that maintains superior performance when faced with extreme
missing and corrupted modalities.

III. METHODOLOGY

A. Background and Overview

Existing methods generally concatenate audio and visual
embeddings to learn fused representations for the multimodal
anomaly detection task [2], [9], [11], [33]. While effective
under modality-complete settings, these methods rely heavily
on the complete availability of modalities and suffer dramatic
performance deterioration when a modality is corrupted or
missing. Since surveillance data may involve corruptions due
to weather conditions, connection latency, broken/tempered
equipment, etc., a lack of robustness against such scenarios
may deter the deployment of these methods in real-world
applications. In this work, we develop an approach to learn
multimodal representations by mapping audio and visual
modalities independently into a common feature space. This
enables the model to maintain robustness when a modality is
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Fig. 2. Architecture of our approach. Modality-specific features are extracted using pre-trained audio and visual encoders. A linear projection is used to match
the feature dimensions. Modality embeddings are independently mapped to learn representations in a shared space. During inference, the shared learning space
helps mitigate the adverse effects of modality corruptions. Moreover, a dynamic weighting scheme is utilized to adjust the weights of the corrupted modality

for better anomaly detection.

compromised by leveraging a shared representation of cross-
modal interactions, effectively compensating for missing or
corrupted modality data. The proposed approach is illustrated
in Fig. 2 and the details are discussed next.

B. Preliminaries

Given a dataset of n videos, each video V' is preprocessed
into m non-overlapping audio and visual segments and passed
to a pre-trained feature extractor. The audio and video feature
extractors generate the feature embeddings E4 € R™*?4 and
EV € R™*4v for each video, respectively with the feature
dimensions are denoted as d4 and dy . The class label y €
{1,0} indicates the presence (1) or absence (0) of anomalous
events in the video. The goal is to learn an anomaly detector
Ag(E™) that takes a feature vector (audio or visual) as input
and predicts an anomaly score in the range of 0 and 1.

C. Learning a Shared Representation Space

Prior multimodal anomaly detection methods rely on con-
catenation of audio and visual representations and learning the
anomaly detector based on the concatenated representation.
Given the audio and visual feature embeddings E# and EY
for n training videos in a dataset, Eq. 1 outlines the tradi-
tional fusion-based learning approach utilizing Multi-Instance
Learning (MIL) loss [2]:

Low =Y Lui(Ag(BA|EY), y2), (1)

i=1
where E4||EV is the fused multimodal representation ob-
tained by concatenation of EV and E4, allowing the architec-
ture to capture the inter-modality relationship. Consequently,
the success of these methods is highly dependent on the

availability of both modalities during inference. To alleviate
this dependence on modality completeness, we propose a
method that learns multimodal representations by mapping
each modality independently into a shared space.

Specifically, we map individual modality independently
into a common representation space, enabling the model to
capture inter- and intra-modality relationships through cross-
modal data interactions. As a result, when a modality is
compromised, the model compensates by leveraging the shared
representation space. Thus, Eq. 1 needs to be modified as
follows:

2n

Lol = Z »CMIL(AO(E?)» yz)

i=1

2

where E* is randomly sampled from either EY or E“.
However, in existing methods [2], depending on the choice
of feature extractor, the output dimensions of EV and EA
are usually inconsistent. To address this issue, we introduce a
linear projection module P, that transforms E“ to a higher
dimensional space, matching the dimension of EY. Thus,
E* in Eq. (2) will be randomly sampled from either EV or
P,(E?). The parameters 6 of the anomaly detector and ¢
of the projection module are learned by minimizing the total
loss L. Intuitively, the proposed approach attempts to learn
a single modality-agnostic anomaly detector, which implicitly
forces the two modalities to share a common representation
space.

D. Dynamic Weighting During Inference

As the anomaly detector is agnostic to the input modality,
it is possible to obtain an anomaly score using both audio and
visual features during inference. Hence, a strategy to optimally



combine individual anomaly scores is needed to achieve good
multimodal performance. A straightforward approach would
be to compute the weighted average of the anomaly scores
produced by the anomaly detector .4 for each modality in a
late fusion manner. For instance, the final anomaly score S
for a given video segment based on audio-visual features can
be obtained as:

S =M AE") + W AE), 3)

where EA and EV are the audio and visual feature embed-
dings of the test sample, respectively, which may also contain
a compromised modality. Here, A4 and Ay are the weights
assigned to the audio and visual modalities, respectively, and
these weights are linearly normalized such that they add up
to 1. In a naive approach, A4 and Ay can be set to 0.5
giving equal weightage to both modalities. While, as shown
in our experiments, this approach works reasonably well due
to the shared representation space mitigating the impacts of
an individual compromised modality, a more sophisticated
approach may be required to handle extreme corruption in
one of the modalities.

Since the training data does not have prior information about
the compromised modality (since training is performed only
on clean data), we devise a dynamic weighting scheme based
on the clean data distribution. Specifically, we fit a Gaussian
Mixture Model (GMM) to the clean (non-corrupted) training
visual features and evaluate if the test data matches with this
clean data distribution. Let GV denote a K -component GMM
with parameters {m, p;,, £x HS | representing the clean dis-
tribution of visual features, where 7, p;, and 3y denote the
mixture probability, mean, and covariance matrix, respectively,
of the k-th Gaussian component.

The negative log-likelihood ¢ of the test features (Ev) is
then computed using the fitted GMM as follows:

k
K(Ev) = —log lZWkN(EV |Mk72k) 4)
k=1
where A/ denotes the likelihood of observing the feature vector
E" under the k™ Gaussian component of the mixture model.
A higher ¢ value indicates that the sample is more likely to be
compromised, while a lower value of ¢ suggests the sample is
clean. Finally, Ay is computed using a sigmoid function as:

0.5
1+ eXp(c[ﬁ(Ev) —l—xo]),

where ¢ and x( are the scale and shift hyperparameters that
shape the sigmoid function, respectively. The above equation
maps the negative log-likelihood ¢ (EY) to a value of Ay
between 0 and 0.5. Similarly, the value of A4 can also be
computed and the two weights can be linearly normalized so
that they sum to 1. Extensive ablation studies on the proposed
dynamic weighting scheme are provided in Section VI-A,
which demonstrate the effectiveness of our approach. When
one of the modalities is completely missing, its corresponding
weight is set to zero because the anomaly score for that
modality cannot be computed.

(&)

Ay =

IV. MODALITY CORRUPTIONS

In this work, we propose a carefully curated dataset,
RobustA, to evaluate the critical impacts of audio/visual
corruptions on the overall performance of multimodal anomaly
detection systems. To the best of our knowledge, RobustA is
the first rigorous attempt to study anomaly detection in such
scenarios. We leverage XD-Violence multimodal anomaly
detection dataset as the base to create several corruption
scenarios, by varying the type and severity level, for both audio
and visual modalities. We choose these modalities because of
their globally standard availability in the existing real-world
CCTV systems, while other modalities, such as text, lack
practical application. Examples of some visual corruptions and
audio corruption mel spectograms [34], [35] are provided in
Figure 3.

Types of Corruptions in Visual Modality. We consider
the following corruptions in the visual modality: Bit error,
brightness, contrast, fog, rain, motion blur, saturation, and shot
noise. Details about each corruption and its implementation are
provided in the Supplementary.

Types of Corruptions in Audio Modality. We consider the
following corruptions in the audio modality: Overlay, bit error,
pitch shift, random dropout, and reverb. Details about each
corruption and the implementation details are provided in the
Supplementary.

Number of Corrupted Samples. We consider varying num-
bers of corrupted modality samples. In particular, we consider
0%, 10%, 30%, 50%, 70%, 90%, and 100% of samples in
each modality as corrupted.

V. EXPERIMENTS

A. Implementation Details

Feature Extraction: For feature extraction of visual modal-

ity, we employ ResNet-I3D model pretrained on Kinetics-
400 dataset. Following prior work [12], we perform 10-crop
augmentation by using a 16 frame sliding window with a
sample rate of 24 FPS. The audio embeddings are extracted
by using the VGGish network [36] pre-trained on large-scale
YouTube dataset. Moreover, the extraction is performed by
pre-processing the audio signal into 960 ms of overlapping
segments and setting 96 x 64 bin size for the mel-spectrogram.
Training Details: We trained the proposed architecture on
Nvidia RTX A100 for 50 epochs using Adam optimizer with
initial learning rate of 10~° and dynamic adjustment using
multi-step cosine scheduler. We use a batch size of 640 and
weight decay of 0.00001.
Backbone Network: We adopt XDVioDet [2] as the primary
backbone network in our experiments (also referred to as
baseline hereafter) and provide extensive comparisons with
it. In addition, to explore the general applicability of our
proposed approach, we provide additional experiments on two
other models as backbone networks, including RTFM [12] and
HyperVD [11]. Nevertheless, unless specified otherwise, the
results are reported with XDVioDet as the primary backbone
network.



Bit Error

Fig. 3. Examples of a few visual and audio corruptions demonstrating the challenging scenarios presented in our proposed benchmark.

Dataset: We use XD-Violence multimodal anomaly detection
dataset [2] as a stepping stone for our dataset. More specifi-
cally, we apply corruptions on the test set of the XD-Violence
dataset based on the details provided in Section IV to create
RobustA. Similar to the original dataset, the train and test
splits include 3,954 and 800 anomalous and normal videos,
with varying levels of corruptions based on the experiment.
Following prior works [2], [11], we use Average Precision
(AP) as the evaluation metric.

B. Experimental Results

1) Robustness Against Compromised Modalities: Table 1
provides extensive performance evaluation of our method and
the baseline [2] under various types of audio and visual
corruptions. It may be noted that the training set remains clean,
as our goal is to achieve robustness against corruptions when
trained with clean data.

Visual Corruptions: During testing, various types of cor-
ruptions, such as bit error, fog, rain etc., are present in the
visual modality (as outlined in Section IV). We evaluate the
performance of our method against the baseline on varying
levels of corruption, which reflect the proportion of corrupted
video in the test set. A corruption level of 0% means no
corrupted video, while a level of 100% indicates that all test
videos are corrupted. The results (Table I) demonstrate that our
method outperformed the baseline against various types and
levels of corruptions. Notably, for extreme cases of corruptions
such as contrast, our method achieves performance scores of
80.00% and 69.21%, whereas the baseline attains scores of
78.36% and 52.47% under 0% and 100% of corrupted videos.
Although the performance of our method and the baseline

method is comparable under 0% corruption, our method no-
tably outperforms it under 100% corruption, highlighting its
robustness against visual modality corruption.

Audio Corruptions. During testing, various types of corrup-
tions, such as babble, bitrate, and hfchannel, are present in the
audio modality (as described in Section IV). Consistent with
the trends observed in the visual corruption section, we find
similar patterns for the audio modality. The results highlight
that our method is resilient against various levels of audio
corruptions.

Missing Modalities. While corruptions interrupt the overall
quality of a modality, some information may still be retained,
which might be useful for the network to perform the pre-
dictions. To take the challenge up a notch, in this section,
we consider the missing modality setting in which a modality
is entirely removed. This may be considered as an extreme
case where no information regarding the corrupted modality
is available to the network. Although the performances of our
method (80.00%) and the baseline (78.30%) are comparable
when modalities are completely available, our method notably
outperforms the baseline method under missing modalities.
Notably, our method achieves performance of 67.15% and
72.55%, whereas the baseline method attains scores of 49.50%
and 69.10% when removing visual and audio modality, respec-
tively, highlighting the robustness of our approach.

Mixed Corruptions. As real-world environments may have
several distortions present, we also explore the effects of the
modalities compromised by mixed corruptions. To carry out
this experiment, for each level of corruption, it is ensured that
the test set contains all corruption types accounting for the total
percentage of the corruption level. Performance trends similar



TABLE I
COMPARISON OF OUR APPROACH AND BASELINE UNDER VARIOUS CORRUPTION TYPES AND CORRUPTION LEVELS (PERCENTAGES). AP(%) IS USED AS
THE EVALUATION METRIC (HIGHER IS BETTER). BOLD REPRESENTS BEST PERFORMANCE IN EACH COMPARISON.

Corruption Levels \ 0% \ 10% \ 30% \ 50% \ 70% \ 90% \ 100%

Corruption Modality | 2] Ous | [2] Ouss | [2] Ouws | [2] Ours | [2] Ours | [2] Ours | [2] Ours

Bit Error Visual 78.36  80.00 7741  79.19 72.57 76.67 72.48 76.35 68.21 74.70 66.61 74.78 65.55 7445
Brightness Visual 78.36  80.00 77.39 79.30 7635 71.74 75.54 77.02 75.06 76.23 7434 75.42 73.76 74.72
Contrast Visual 78.36  80.00 77.08 78.67 69.84 75.75 66.82 74.44 59.85 71.86 54.54 70.35 5247 69.21
Fog Visual 78.36  80.00 7645 78.05 69.21 73.47 68.87 72.87 62.32 69.68 6048 69.26 58.70 67.97
Rain Visual 78.36  80.00 7173 79.52 74.27 77.66 72.88 77.16 70.94 175.54 69.43 74.56 68.69 73.89
Motion Blur Visual 78.36  80.00 7722 78.73 7445 77.02 74.03 76.46 7143 74.55 70.28 73.80 69.46 73.08
Saturate Visual 78.36  80.00 77.02 78.84 73.64 77.14 69.94 76.10 68.20 75.19 65.57 74.26 65.23 73.86
Shot Noise Visual 78.36  80.00 77.69 79.10 74.65 76.08 74.60 75.62 72.35 173.62 7140 72.72 70.99 71.68
Average Visual 78.36  80.00 77.25 178.93 73.12 76.44 71.90 75.75 68.54 73.92 66.58 73.14 65.61 72.36
Babble Audio 78.36  80.00 77.16 79.06 75.18 77.64 72.65 74.36 7094 73.29 68.57 70.96 68.21 70.45
Bitrate Audio 78.36  80.00 77.03 7845 75.60 76.66 72.76 72.37 71.12  70.21 68.67 65.48 68.31 65.11
HF Channel Audio 78.36  80.00 76.37 79.01 73.73 771.77 69.36 73.24 67.59 72.09 65.35 69.78 65.56 69.47
Pink Audio 78.36  80.00 76.32  79.02 7345 77.94 68.97 73.63 67.30 72.67 64.99 70.85 65.36  70.60
Pitch Shift Audio 78.36  80.00 76.24 78.87 7349 77.62 69.53 72.83 67.01 71.23 63.66 66.91 63.07 66.39
Random Dropout Audio 78.36  80.00 76.45 78.93 74.22 71.70 69.80 73.05 67.79 71.81 64.01 66.92 63.53 66.48
Reverb Audio 78.36  80.00 76.65 179.01 75.02 77.78 71.99 73.23 70.01 71.90 67.01 70.02 66.84 69.73
White Audio 78.36  80.00 7648 178.95 73.69 77.81 69.24 73.48 67.88 72.36 66.02 70.43 66.60 70.21
Average Audio 78.36  80.00 76.59 78.91 74.30 77.74 70.41 73.27 68.71 71.94 66.04 68.92 65.94 68.56
Missing Visual Visual 78.30 80.00 75.10 76.94 69.50 71.87 63.10 71.18 58.20 68.61 52.10 68.00 49.50 67.15
Missing Audio Audio 78.36  80.00 77.30 78.86 7520 77.96 73.90 74.75 72.50 7391 70.00 72.74 69.10 72.55
Mixed Corruptions Visual 78.36  80.00 77.70 79.54 73.93 78.15 73.75 178.65 7275 7135 72.09 77.15 7145 76.27
Mixed Corruptions Audio 78.36  80.00 76.94 79.09 74.77 77.62 72.40 74.13 70.48 72.99 67.71 70.50 67.14 69.97
Motion Blur+Babble Audio Visual 78.36  80.00 7571 77.59 7091 73.54 67.19 69.03 61.94 64.22 56.82 60.13 54.66 58.04
Brightness-Rand. Dropout Audio—+ Visual 78.36  80.00 75.42 178.08 71.66 74.49 65.20 67.83 61.62 65.11 56.05 56.94 54.19 55.12
Bit Error+HF-Channel Noise Audio+ Visual 78.36  80.00 7456 78.07 69.43 74.29 62.89 70.27 55.53 65.87 47.73  60.60 45.50 59.47

TABLE II TABLE III

COMPARISON OF BASELINE VS. PROPOSED WHEN ONE MODALITY IS
COMPLETELY MISSING AND THE OTHER IS CORRUPTED. HIGHER
ACCURACY IS BETTER.

Corruption Levels 0% 30% 70% 100%
Corruption Mod [2] Ours [2] Ours [2] Ours [2] Ours
bit_error \% 69.17 7382 6376 67.31 61.57 6470 59.23 63.42
brightness \Y 69.17 73.82 65.64 7027 63.82 68.76 60.84 66.45
contrast v 69.17 73.82 59.51 6579  48.12 55.83 38.65 49.07
fog v 69.17 73.82 5697 60.76 5248 5449 50.25 50.41
rain v 69.17 73.82 63.89 69.15 59.60 6449 58.11 60.33
motion_blur  V 69.17 7382 6321 68.83 5821 6479 54.61 62.29
saturate \ 69.17 73.82 6327 6894 57.61 64.61 54.16 62.22
shot_noise v 69.17 73.82 6511 6797 64.65 063.23 6544 59.28
average \% 69.17 7382 62.67 67.38 5826 62.61 55.16 59.18
babble A 49.50 67.65 4142 59.27 32.94 42.12 28.47 3147
bitrate A 49.50 67.65 43.10 56.95 3436 40.57 28.74 32.11
hfchannel A 49.50 67.65 4092 5891 29.05 36.21 24.55 24.01
pink A 49.50 67.65 41.92 59.12 28.86 36.80 2593 2457
pitch_shift A 49.50 67.65 36.68 57.96 26.11 3490 22.23 23.27
dropout A 49.50 67.65 38.74 5846  27.53 37.90 23.62 27.20
reverb A 49.50 67.65 40.07 58.47 30.83 37.22 26.09 26.39
white A 49.50 67.65 4238 5890 29.77 3585 2440 2340
average A 49.50 67.65 40.65 58.51 29.93 37.70 25.50 26.55

to the previously discussed experiments are observed, where
our approach outperforms the baseline in all compared cases,
signifying the importance of our method against modality
corruptions in real-world settings.
Audio and Visual Corruptions. Since real-world environ-
ments often contain multiple distortions at the same time,
we investigate their impact on both modalities. Consistent
with prior experiments, the corruptions cause significant drops
in the performance of the baseline, whereas our approach
demonstrates better resilience.

2) Unimodal Testing with Corruptions: In a series of ex-
periments, we explore a use case on our method in which
one modality is completely missing while the other modal-

PLUG-AND-PLAY PERFORMANCE OF OUR APPROACH FOR MIXED AUDIO
AND VISUAL DISTORTIONS AT 0% AND 100% LEVELS OF CORRUPTION ON
MULTIPLE BASELINES INCLUDING XDVIODET, HYPERVD, AND RTFM.
BOLD: BEST PERFORMANCE.

Corrupted Modality Visual Audio
0% 100% 0% 100%
XDVioDet (Baseline) 78.36 7145 7836 67.14
XDVioDet (Ours) 80.00 76.27 80.00 69.97
HyperVD (Baseline) 85.60 73.28 85.60  76.90
HyperVD (Ours) 8590 7729 8590 78.18
RTFM (Baseline) 77.66 7043  77.66 77.44
RTFM (Ours) 7730  72.67 7730 74.21

ity is corrupted. The intuition behind this experiment is to
observe the importance of each modality for training and
testing a robust multimodal anomaly detection system. Table
I summarizes the results obtained during these experiments.
It may be seen that the video modality is notably dominant
than the audio modality. In the case of 0% corruption cases,
the presence of video modality outperforms the presence of
audio modality (AP of 73.82% vs. 67.65%). When the noise
is added to the visual modality, a notable performance drop is
observed in each corruption case (an average drop in AP from
73.80% to 59.18%). However, the performance drop increases
dramatically when the system is exposed to 100% missing
visual modality while adding noise to the audio modality (an
average drop in AP from 67.65% to 26.55%). This series of
experiments highlights that while audio modality plays an im-
portant role in the overall performance, the visual modality is
generally more informative, and the performance deteriorates
dramatically if the visual modality is compromised.
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VI. ANALYSIS AND DISCUSSION

A. Importance of Dynamic Weighting

During training, our method processes each modality inde-
pendently, while at test time, we employ a dynamic weighting
strategy (Section III-D) to effectively combine the predic-
tions of individual modalities for multimodal performance.
In this section, we compare the empirical performance of
three approaches: the naive averaging approach (as chalked
in Eq. 3), dynamic weighting (as chalked in Eq. 5), and the
concatenation-based inference (as proposed by the baseline
XDVioDet [2]). Results on two visual corruptions (motion
blur and Fog) and one audio Corruption (Random Dropout)
provided in Fig. 4 show that the naive averaging approach
with our method outperforms the baseline in all cases, demon-
strated the importance of shared space representation learning.
Furthermore, the best results are achieved with the proposed
dynamic weighting approach.

B. Is Our Approach Plug-and-Play?

The components of our approach, such as projection layer,
shared representation learning, and dynamic weighting, can be
plugged into existing multimodal anomaly detection methods,
including XDVioDet [2], HyperVD [11], and RTFM [12].
These methods usually incorporate multimodal information by
concatenating audio-visual modalities at feature-level input,
making them prone to corrupted modalities during testing.
As seen in Table III, when the components of our approach
are added to XDVioDet and HyperVD, it outperforms the
baseline in both cases of mixed corrupted modalities by a
notable margin. In the case of RTFM as baseline, our method
outperforms in the case of visual modality. However, in the
case of corrupted audio modality, RTFM baseline performs
better. This may be attributed to the projection layer used
in our approach that upscale the audio features to match
the dimensions of visual features. In contrast, RTFM by
default uses the visual feature dimension of 2048, whereas
the dimension of added audio features is 128.

g. 4. Comparison of weighting schemes (average and dynamic) with baseline concatenation approach [2] on two visual and one audio corruption.

C. Does Multimodal Robustness Translate to Better Zero-shot
Performance

While the proposed shared space learning for multimodal
data improves robustness against compromised modality, we
explore its effectiveness in zero-shot setting. To this end,
we utilize the models trained on XD-Violence dataset and
evaluate on the test set of a benchmark anomaly detection
dataset, UCF-crime [3]. As UCF-Crime is a visual-only dataset
with no audio, this experiment poses two challenges: 1)
Generalizability across datasets. 2) Missing audio data during
testing. The results are summarized in Table IV. As seen, our
method outperformed RTFM and XDVioDet baselines as well
as existing unsupervised video anomaly detection methods
[18], [33], [37].

D. Is Linear Projection Necessary?

In this section, we explore the importance of the linear
projection layer used in our approach. To this end, we replace
it with zero-padding to match the embedding dimension of
visual and audio modalities. The results are reported in Table
V. As seen, the padding demonstrates lower performance
than even the baseline, whereas our design choice of using
projection layer notably helps achieve better performance. This
demonstrates that projection layer complements the proposed
shared space representation learning for robust anomaly detec-
tion under multimodal setting, as proposed in our approach.

E. Qualitative Results

Fig. 5 shows anomaly score plots of RobustA and the
baseline on different videos highlighting cases with and with-
out corruption. As seen, both RobustA and the baseline
demonstrate reasonable anomaly scores when neither of the
modalities is compromised. The performance of the baseline
drops notably when modalities are corrupted, while RobustA
retains the performance.

VII. CONCLUSION

In this paper, we presented a comprehensive study to investi-
gate the adverse effects of corrupted modalities on multimodal
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Fig. 5. Qualitative results of RobustA and the baseline on three videos taken from XD-Violence dataset. Blue represents baseline anomaly scores whereas
green represents RobustA results. Dotter represents clean test samples whereas solid highlights corruption cases. As seen, our approach generally outputs
comparable anomaly scores for clean and corruption cases. The baseline, while generating competitive anomaly scores for clean samples, demonstrates
deteriorated performance when the input is corrupted. Red shaded area represents anomaly ground truth.

TABLE IV
AUC COMPARISON ON THE TEST SET OF UCF-CRIME DATASET UNDER
ZERO-SHOT SETTING WHERE THE MODELS ARE TRAINED ON
XD-VOILENCE DATASET. OUR APPROACH DEMONSTRATES BETTER
ZERO-SHOT GENERALIZATION, HIGHLIGHTING THE IMPORTANCE OF OUR
PROPOSED SHARED SPACE REPRESENTATION LEARNING. AS SEEN, OUR
APPROACH ALSO OUTPERFORMS THE EXISTING UNSUPERVISED
APPROACHES TRAINED AND TESTED ON UCF-CRIME [3].

Method UCF-Crime
Kim et al. [38] 52.00
Unsupervised  GCL [18] 65.32
C2FPL [37] 65.85
CLAP [33] 67.74
RTFM [12] (Baseline) 59.6
Zero-shot RTFM (Ours) 68.9
XDVioDet [2] (Baseline) 63.3
XDVioDet (Ours) 68.4

TABLE V
IMPORTANCE OF LINEAR PROJECTION COMPARED TO PADDING AND
CONCATENATION (BASELINE) UNDER DIFFERENT LEVELS (0% TO 100%)
OF AN ARBITRARILY SELECTED CORRUPTION CASE (PITCH SHIFT) FOR

CONCISENESS.
Method 0% 10% 30% 50% 70% 90% 100%
Baseline 7836 7624 7349  69.53  67.01 63.66 63.07
Padding 7621 7346 7052 6430 60.15  56.83 55.86
Linear Proj.  80.00 7887 77.62 7283 7123 6691 66.39

anomaly detection task. To address this, we introduced a novel
dataset RobustA, to systematically evaluate the impact of au-
dio and visual corruptions on anomaly detection performance.
Moreover, we proposed a robust multimodal anomaly method
that demonstrate resilience against corrupted and missing data.
Extensive experiments on the XD-Violence dataset, across
various corruption types and levels, demonstrated the effec-
tiveness and robustness of our proposed method. RobustA
would be instrumental in evaluating anomaly detection meth-
ods under the settings more closer to the real-world scenarios.
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