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Not Only Detection But Also Explain: An
Interpretable Multimodal System for
Anomaly Detection
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Abstract—Anomaly detection is often formulated as a Multiple
Instance Learning (MIL) problem, where an anomaly detector
learns to generate frame-level anomaly scores under multi-modal
supervision. However, most previous studies have two drawbacks:
1) the feature fusion between attributes overlooks the model’s
interpretability; and 2) the training strategy based on pre-trained
models leads to excessively long training times. To address these
issues, this paper proposes an Interpretable Multi-modal Anomaly
Detection System called IMADS. The proposed IMADS aban-
dons the traditional multi-modal fusion approach and adopts
single-modal training with late-stage decision fusion optimized by
Bayesian techniques to resolve the interpretability problem caused
by traditional feature fusion. Moreover, the proposed IMADS in-
troduces a transfer learning method from frame-level to video-level,
which essentially adds a temporal dimension to the 2D-to-3D con-
version by randomizing parameters along the time dimension dur-
ing training. This approach not only improves training efficiency
but also ensures the model’s interpretability. Experimental results
demonstrate that the proposed IMADS significantly outperforms
existing methods in terms of performance, proving its innovative-
ness and effectiveness.

Index Terms—Multiple instance learning (MIL), interpretable
machine learning, violence detection, behavior recognition.

1. INTRODUCTION

IDEO Anomaly Detection (VAD) is a fundamental task
Vin computer vision that aims to identify and localize
abnormal behaviors in videos [1], [2], [3]. With the increas-
ing deployment of surveillance cameras in various scenarios,
VAD has played an increasingly important role in intelligent

Received 25 September 2025; accepted 22 November 2025. Date of pub-
lication 28 January 2026; date of current version 26 March 2026. This work
was supported by the National Science and Technology Council of Taiwan,
Republic of China, under Grant NSTC 112-2622-E-032-005 and in part by
the National Science and Technology Council of Taiwan NSTC Under Grant
113-2221-E-032-033-MY?2. (Corresponding author: Chih-Yung Chang.)

Chih-Yung Chang and Wen-Dong Jiang are with the Department of Com-
puter Science and Information Engineering, Tamkang University, Taipei 25137,
Taiwan (e-mail: cychang@mail.tku.edu.tw; 812414018 @0365.tku.edu.tw).

I-Hsiung Chang is with the Department of Child Care and Education, Fooying
University, Kaohsiung 831301, Taiwan (e-mail: elite5931.tw @ gmail.com).

Diptendu Sinha Roy is with the Department of Computer Science and En-
gineering, National Institute of Technology, Shillong 793003, India (e-mail:
diptendu.sr@nitm.ac.in).

This article has supplementary downloadable material available at
https://doi.org/10.1109/TETCI.2026.3654456, provided by the authors.

Recommended for acceptance by Y. Zhang.

Digital Object Identifier 10.1109/TETCI.2026.3654456

, Graduate Student Member, IEEE, I-Hsiung Chang,
, Senior Member, IEEE

video surveillance, replacing the previous labor-intensive and
time-consuming manual monitoring. In the early stages, VAD
tasks typically relied on a single visual modality to recognize
anomalous behaviors in videos [1]. However, solely depending
on visual information may overlook the context and environment
in which anomalous behaviors occur, leading to false positives or
false negatives. Benefiting from the rapid development of com-
puters, some researchers have attempted to utilize multimodal
and cross-modal techniques [7], [8], [9], [10], [11], [12], [13],
[14], [15], [16], integrating data from different modalities such
as images, audio, and text, to achieve more comprehensive and
accurate anomalous behavior recognition.

Although adopting multimodal approaches can improve the
detection performance of anomaly detection systems in videos,
two problems still exist: 1) the interpretability issue caused by
modal fusion; and 2) the prolonged training process of multi-
modal models.

For the first issue, the different modalities of data have their
own unique characteristics and representations. For instance,
video frames contain rich visual information, while audio in-
cludes speech and environmental sound features [15]. When
fusing these modalities together, the model needs to learn how to
coordinate and balance the contributions from different modal-
ities to make the final anomaly judgment [8], [9]. However, this
fusion process may lead to the opacity of the decision-making
process, making it difficult for users to understand how the
model comprehensively considers information from different
modalities and reaches its conclusions.

Moreover, features from different modalities may exhibit re-
dundancy or complementarity. Some anomalous behaviors may
bereflected in multiple modalities, while others may only appear
in specific modalities. [31] Modal fusion needs to effectively
handle this redundancy and complementarity, avoiding over-
reliance on a single modality while fully leveraging the discrim-
inative information provided by different modalities. However,
finding the right balance and interpreting the contribution of
each modality remains a challenging topic.

Furthermore, the strategy of modal fusion also affects inter-
pretability [21], [22], [23]. Common fusion strategies include
early fusion (feature-level fusion) and late fusion (decision-level
fusion). Early fusion combines features from different modal-
ities at an early stage, forming a joint representation, while
late fusion integrates decisions made independently by each
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Fig. 1.

The Interpretability Issue Caused by Modal Fusion.

modality. Different fusion strategies have varying impacts on
interpretability. Early fusion may lead to confusion between
modalities, making it difficult to analyze the independent contri-
bution of each modality, while late fusion, although preserving
the independence of modalities, still faces numerous challenges
when interpreting the overall decision.

Fig. 1 shows an example of decision visualization for a mul-
timodal model. As shown in Fig. 1, although the model success-
fully identifies the anomalous behaviors occurring in these cases,
when presented using a heatmap, people find that the violent
regions recognized by the model are often difficult to understand.
This is because at the decision level, information from various
modalities has already been fused into an embedded representa-
tion, making it challenging to understand why the model iden-
tifies these regions as anomalous behaviors through analysis.

For the Second issue, the anomalous behaviors often involve
training on time series data, which can make the model training
process extremely lengthy. The characteristics of time series
data, such as dynamic changes, long-term dependencies, and
periodicity, require the model to capture complex temporal
relationships. This necessitates numerous iterations during the
training process to ensure that the model learns effective tem-
poral patterns from historical data. This requirement signif-
icantly increases training time, especially when dealing with
high-dimensional time series data, such as the analysis of video
frame continuity. These data are not only voluminous but also
have complex temporal correlations among features.

Currently, most studies adopt a fixed training paradigm: first,
they perform rapid feature extraction on data from different
modalities (e.g., C3D [2], [4], I3D [3], [5], VIT [24]), then
fuse the features of the embeddings from different modalities
through weighted averaging. Subsequently, they utilize a tempo-
ral module (e.g., Transformer [25]) to mine temporal and spatial
information, and finally, they employ multi-instance learning
for anomalous behavior recognition. Although this approach is
relatively efficient in terms of processing speed, it has certain
limitations, particularly in terms of gaining a deep understanding
of temporal dynamics.

Moreover, data from different modalities have different fea-
ture distributions and representation methods [26], [27]. For
example, image data are typically high-dimensional, dense pixel
matrices, while text data are discrete, sparse word vector se-
quences. Effectively mapping these heterogeneous data into a
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Fig. 3. The process of IMADS.

common feature space and aligning them at the semantic level is
achallenging problem. This leads to difficulties in the rapid con-
vergence of multimodal models during the initial training stages.

Furthermore, the contribution of information from different
modalities to the anomaly detection task varies. Some anoma-
lous behaviors may be primarily reflected in visual information,
while others may rely more on audio or textual cues. However,
during the training process, multimodal models need to auto-
matically learn how to balance and fuse this modal information.
This requires the model to continuously adjust the weights and
contribution levels of each modality during training to find the
optimal fusion strategy. This undoubtedly increases the training
difficulty and the required number of iterations for the model.

Fig. 2 illustrates the severe challenges encountered when
training multimodal models [28], [29], [30], [32]. As shown in
Fig. 2, the training results of single modalities (image and text)
indicate that as the number of training rounds increases, the
loss function remains relatively stable and gradually converges.
However, when the features of image and text are fused together
for training, the fluctuations in the loss function significantly
increase, and the convergence process becomes exceptionally
difficult and unstable.

These notable fluctuations and convergence difficulties reflect
the inherent differences in feature distributions and representa-
tion methods among different modalities. Fusing these hetero-
geneous data into a unified semantic space not only requires the

Authorized licensed use limited to: Tamkang Univ.. Downloaded on March 27,2026 at 12:09:16 UTC from IEEE Xplore. Restrictions apply.



CHANG et al.: NOT ONLY DETECTION BUT ALSO EXPLAIN: AN INTERPRETABLE MULTIMODAL SYSTEM FOR ANOMALY DETECTION

model to overcome a large amount of noise and inconsistencies
but also necessitates continuous adjustment and optimization
of the weight allocation among modalities during the training
process. This process is not only complex and time-consuming
but also fraught with uncertainty, severely challenging existing
model architectures and learning strategies.

To address the aforementioned issues, this paper proposes
a novel, interpretable multimodal anomaly detection system
called IMADS. As shown in Fig 3, the system adopts a late fusion
strategy for model training, effectively achieving semantic-level
alignment of different modalities by separately designing inter-
pretable modules for image and text. Furthermore, the proposed
IMADS introduces Bayesian optimization techniques in the
modal decision fusion stage, automatically selecting optimal
weights to enhance the system’s interpretability. The system
consists of two main modules: image and text. The image
module is divided into a 2D AutoEncoder (2D-VD) and a 3D
AutoEncoder (3D-VD), with each layer incorporating decon-
volution to enhance the interpretability of the image module.
These two modules utilize encoders for feature extraction and
perform object detection and classification tasks on the gen-
erators. During the training phase, the IMADS first employs
the 2D image module for frame-level training, and then uses
transfer learning techniques to transfer the encoder weights of
2D-VD to the encoder of 3D-VD, achieving rapid training of
the temporal dimension and fine-tuning of 2D parameters. In
the text module, the proposed IMADS combines pre-trained
models and bag-of-words models for joint decision-making,
further improving the decision accuracy and interpretability of
the text module through Bayesian optimization. Experiments are
conducted on multiple public benchmark datasets and compared
with previous works to demonstrate that the proposed IMADS
not only improves the accuracy of anomaly detection but also
enhances the interpretability of model decisions. The contribu-
tions of this study can be summarized in two key aspects:

1) Late fusion strategy with Bayesian optimization optimizes
weights and preserves modality independence, improving
accuracy and interpretability.

2) Innovative 2D-3D architecture combines spatial and tem-
poral feature extraction, accelerating training and improv-
ing accuracy through transfer learning.

The remainder of the paper is organized as follows. Section II
discusses and compares previous relevant studies. Section III
discusses Assumptions and problems in this paper. Section IV
introduce the details the proposed IMADS. Section V provides
the experiments and performance evaluation. The conclusion is
discussed in Section VI.

II. RELATED WORK

Previous works related to video anomaly detection include
single-modal and multi-modal domains. The following are spe-
cific related works.

A. Anomaly Detection on Single Modal

In the single-modal works of video anomaly detection, the
focus is mainly on processing single images or videos. Scholkopf
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et al. [1] proposed the OCSVM for detecting anomalous be-
haviors. Their research primarily focused on the recognition of
single anomalous images and inputting frame-by-frame data into
machine learning models for identifying anomalous behaviors.
Sultani et al. [2] and Hasan et al. [3] were the first to propose
using deep multi-instance learning models for anomaly detec-
tion. Their research treated video frames as bags, and multiple
segments within the frames were considered as instances to
enhance the detection performance of the model. Tran et al. [4]
and Carreira and Zisserman [5] used C3D and 13D to extract
video features, which were then fed into MIL-based binary
classifiers. However, these works focused on single modalities
and had oversimplified model designs. D’Amicantonio et al.
[33] introduced a Gaussian Splatting guided mixture-of-experts
framework that specialized experts for different anomaly cat-
egories under weak supervision. The temporal splatting loss
provided soft temporal guidance from video-level labels. Zhang
et al. [34] proposed a multi-timescale feature learning approach
that extracted short, medium, and long-range temporal tubelets
with a video transformer to capture fine motion and contextual
cues. The method aggregated multi-timescale representations to
adapt pre-trained video features for weakly-supervised anomaly
detection in surveillance settings. Prathibha and Tamizharasan
[35] proposed a lightweight spatio—temporal attention network
for weakly supervised video anomaly detection that selected
salient spatial regions and temporally informative snippets from
binary-labeled videos. They further introduced a dual attention
module with few trainable parameters and a weighted loss to
sharpen the separation between normal and abnormal segments,
enabling deployment on resource-constrained devices. These
studies expand the scope of collective or structural anomaly
detection—that is, detecting groups or subsets of data points that
jointly deviate from normal behavior—from different method-
ological dimensions. For example, paper [37] proposed dividing
data into subsets based on their natural neighbor topological
relationships to detect anomalies at multiple granularities. Paper
[38] introduced a method that integrates local density with
global structural information to enhance sensitivity to group-
level anomalies. Paper [39] adopted an adversarial neighbor
perception mechanism combined with feature distillation to
further strengthen the identification of anomalous patterns across
multi-scale neighborhoods. From a methodological perspective,
these works help extend the manuscript’s current focus on in-
dividual anomaly detection toward a broader view of group- or
structure-based anomalies, thereby enriching both the related
work and the problem formulation sections.

Although multi-instance learning provides advantages in han-
dling time-series data, it may be affected by unclear labels. This
makes it difficult for these single-modal works to cope with
complex or dynamic real-world anomaly data. Furthermore,
the black-box problem inherent in deep learning prevents these
models from providing clear decision analysis to users.

B. Anomaly Detection on Multi-Modal

In the multi-modal works of video anomaly detection, the
focus is mainly on combining images with audio or images with
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text. In the image and audio part, Zhong et al. [6] proposed
a method based on Graph Convolutional Networks (GCN) to
model the feature similarity and temporal consistency between
video segments’ images and audio. Tian et al. [7] used self-
attention networks to capture the global temporal context of
the joint image and audio embeddings in videos. Wu et al. 8]
proposed a global and local attention module to capture the
temporal dependencies of the joint image and audio embeddings
in videos, obtaining more expressive embeddings. Wi et al. [9]
also proposed a combination method based on Transformer and
GCN to distinguish different types of anomalous video frames.
Huang et al. [17] proposed a transformer-styled temporal feature
aggregator and a self-guided discriminative feature encoder to
capture the anomalous video feature.

However, due to the often overly sensitive nature of au-
diomodal data, its effect in the multi-modal training process
is not very prominent. In recent years, with significant progress
in visual-language pre-training, most research has begun using
images combined with text for anomaly detection. For exam-
ple, Zhou et al. [10] proposed classification method based on
improved CLIP; Joo et al. [11] use the visual features of CLIP
to efficiently extract discriminative representations, long-term,
and short-term temporal dependencies through temporal self-
attention, and nominate clips; Zhou et al. [12] applied contrastive
learning methods to object detection; Yu et al. [13] achieved
success in the field of anomalous scene text detection. Rao et
al. [14] conducted research on dense crowd prediction. Lv et
al. [15] proposed a multi-instance learning framework called
UMIL to learn unbiased anomaly features and improve the
performance of the anomalous behavior detection task. Wu et
al. [16] proposed a simple but powerful baseline that effectively
adapts pre-trained image-based visual-language models to lever-
age their powerful capabilities in general video understanding
and applies them to video anomaly detection. Zhang et al. [36]
proposed a text-guided framework that injected prior knowledge
into a frame-prediction pipeline to emphasize crucial relation-
ships, both object—object and object—scene—underlying anoma-
lies in surveillance videos. They encoded explicit priors via a
multi-layer GCN embedding network and introduced implicit
priors through prompt tuning, which improved generalization,
adaptation to new scenarios, and recognition of anomaly types.

However, these multi-modal methods all use pre-trained mod-
els for training, which easily leads to the extracted features
not being perfectly adaptable to video anomaly detection. Most
multi-modal tasks adopt early fusion of features for anomalous
behavior detection, resulting in the interpretability of these
models being widely questioned.

Table I compares the proposed method with these previous
works in terms of whether they are multi-modal and have inter-
pretability, where “O” represents the presence of the attribute
and “X” represents the absence of the attribute.

III. ASSUMPTIONS AND PROBLEM FORMULATION

This section introduces the assumptions and problem state-
ment of this study. Given a video V' with a duration of ¢, this
paper aims to identify whether or not the anomaly in V. Let
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TABLE I
COMPARISON WITH OTHER WORK

Related Works Model Multi-Modal interpretability
[17(1999) OCSVM X X
[2] [4] (2016) C3D X X
[3][5](2018) 13D X X
[33](2025) GS-MoE X X
[34] (2024) MTFL X X
[35] (2025) STVAD X X
[7] (2021) RTFM (o] X
[8](2020) HD-Net (o] X
[9] (2021) AVVD (0] X
[17] (2024) WSTD 0] X
[12] (2022) CLIP (0] X
[11](2023) CLIP-TSA (0] X
[13](2023) DMU (o] X
[15](2023) UMIL (] X
[16] (2024) VadCLIP (o] X
[36] (2024) CG-VAD (o] X
Our Method IMADS (0] (]

Vi € VandV; € V denote non-anomaly and anomaly videos, re-
spectively. Let video V' = {®y, Po,-- - , &, } be divided into n
equal-length segments, each containing non-anomaly, anomaly
or a combination of both. Each segment ®; = VZ U V;might
comprise both V, and V; behaviors.

Let C ={c1,¢2, - ,Cm,¢} denote all possible classes,
where c; denotes the m anomaly classes for 1 <7 < m and ¢
denotes the non-anomaly class. Let L = {l1,ls, -+ , L, i} be
the set of labels, where [; is the corresponding label of class ¢; for
1 <i<mand [ denote the label of non-anomaly class ¢. This
study assumes that each V; falls into a specific anomaly category
¢;. Consider an anomaly detection mechanism M which aims to
detect the occurrence of an anomaly event. Let R be a segment
of video which is detected as the anomaly event by applying
mechanism M. That is, R™ can be represented as

RM — {R{”,R{”,Ré”,]%é” . ..,fzy,Rgf}.

Let §; be a Boolean yariable that indicates whether or not
a given video segment R; actually contains an anomaly event.

That is,
5 = 1, Rj € ¢y .
! 0, R;€ec¢

Let 6 be the prediction threshold. Let 54 () denote whether
or not the result of video segment R; predicted by M contains
anomaly event. Let probability P; denote the prediction score of
R; € RM. That s,

1
M o )
0= {y

Let TP;, TN;, FP; and F'N; represent True Positive, True
Negative, False Positive, and False Negative, respectively, for the
prediction result of input segment R; by applying mechanism
M. These per-segment metrics evaluate the accuracy for each
individual video segment, where T P; indicates correct anomaly
detection, T'N; indicates correct non-anomaly classification,
FP; indicates a false alarm (non-anomaly misclassified as

if P, >0
otherwise.
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anomaly), and F'N; indicates a missed anomaly. Their values
can be calculated using Exp. (1):

TP, =6; xdM(0),

FP= (1-4) x 6 (8),

FN;=6; x (1=6M(0)),

TN; = (1-6) x (1—38M(9)). (1)

Let TP, TN, FP, and F'N represent the cumulative True
Positive, True Negative, False Positive, and False Negative, re-
spectively, of the prediction results by applying mechanism M to
all segments Ri € R, for 1 < ¢ < n. These cumulative metrics
aggregate the per-segment results to assess overall performance
across the entire video. The values of TP, T'N, F'P, and F'N
can be calculated by Exp. (2):

TP = ZH:TPi, FP = iFPi
i=1 =1
TN = iTNi FN = iFN,».

i=1 i=1

2

Let pM and RM denote the Precision and Recall of the
predictions by applying mechanism M to predict a given video
V. The values of ™ and R can be calculated by Exp. (3) and
Exp. (4):

,, TP
M
T 3
¥ ~TpPiFp 3)
, TP
RM — 1T 4
TP+ FN @

A. Average Precision (AP)

Let 0; denote the j-th prediction threshold, let APM denote
the Average Precision of mechanism M. The AP™ can be
calculated by Exp. (5),

n—1
AP =3 (R(B:12)" = RO)) % p(0;:)" )
j=1

The first objective of this paper is to develop mechanism
MPbest that satisfies Exp. (6).
First Objective in XD-Violence:

best __ M
M = arg ]rvrjlgj/([ (a‘l? ) . (6)

B. Area Under the Curve (AUC)
Let A denote the AUC of mechanism M. The value of A s

can be calculated by Exp. (7),
Ay — / IPR(8)d(FPR(9))
0
! TP () FP ()
N /0 TP (0)+FN () (FP (0)+TN (9)) - @

The second objective of this paper is to develop mechanism
MPest that satisfies Exp. (8).
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TABLE II
2D-VD MODAL CONFIGURATION

Layer Name Output Size Configuration
Convl 112 x 112 7x7, 64, Stride2
3 X 3max pool , Stride 2
Conv2d=vp 56 x 56 o g o x2
Encoder; [1x1,64]
Deconv2, 56 X 56 1x1,64
Decoder, [1x1,64]
Conp2d=vp 28 x 28 i g 125 x2
Encoder, [1x1,128]
Deconv3, 28 x 28 1x1,128
Decoder, [1x1,128]
ConvzP-VP 14 x 14 g . g ;gg x 2
Encoder; [1x1,256]
Deconv4, 14 x 14 1x1,256
Decoder; [1x1,256]
ConvZP='P 7x7 g 9 3 gg x 2
Encoder, [1x1,512]
DeConv5, 7%x7 1x1,512
Decoder, [1x1,512]
Ryp_vp Fully connected layer
Cop—vD Fully connected layer
1x1 Average bool,1000-d fc, softmax
FLOPs 1.8x 10°

Objective in UCF-Crime:
(3)

A[best _ A )
arg fpes ()

This section introduced the assumptions and problem formu-
lation of this paper. The next section will introduce the proposed
IMADS.

IV. THE PROPOSED IMADS

This section will introduce the proposed IMADS. Fig. 1 shows
the brief process of the designed IMADS. The proposed IMADS
consists of two branches: the image branch and the text branch.
The image branch includes two modules, 2D-VD and 3D-VD,
while the text branch includes two modules, Bert and BoW.
The goal of IMADS is to combine the prediction results from
the image branch Psp_y p and the prediction results from the
text branch Py, to find the optimal weight a,for late fusion of
the modalities using Bayesian optimization. Herein, P3p_y p
represents the prediction results of 3D-VD on image data and
Py, represents the decision fusion of Bert and BoW, which
also uses Bayesian optimization to find the optimal weight ~
to complete the text branch decision fusion. The following is a
detailed introduction to IMADS:

A. Video Branch

The video branch consists of two modules: the 2D-VD module
and the 3D-VD module. Tables II and III show the specific
configurations of the 2D-VD module and the 3D-VD module.
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TABLE III
3D-VD MODAL CONFIGURATION

Layer Name Output Size Configuration
Convl 112 x 112 x 112 7x7x7, 64, Stride3
3 X 3 X 3max pool,Stride 3
Conv3P~VP 56 X 56 X 56 3 x g x 3 23] x 2
Encoder, [1x1,64]
Deconv2, 56 X 56 X 56 1x1,64
Decoder; [1x1,64]
Conv3P—"P 28 x 28 x 28 [g 9 g . g Eg] X 2
Encoder, [1x1x1,128]
Deconv3, 28 x 28 x 28 1x1x1,128
Decoder, [1x1x1,128]
ConvP-vP 14 % 14 x 14 g i g z g ;gg x 2
Encoder; [1x1x1,256]
Deconv4, 14 x 14 x 14 1x1x1,256
Decoder, [1x1x1,256]
Conv3P—"P 7TX7x7 gigzg g}; X2
Encoder, [1x1x1,512]
DeConv5, 7 X7X7 1x1x1,512
Decoder, [1x1x1,512]
R Fully connected layer
c Fully connected layer
1x1x1 Average bool, fc, softmax
FLOPs 1.8x 10°

The image branch consists of two modules: the 2D-VD module
and the 3D-VD module. The 2D-VD module adopts a standard
2D residual neural network architecture, uses an AutoEncoder
architecture for anomaly detection due to its specific focus on
violence, enhancing system efficiency and speed. where each
layer includes convolutional layers, encoders, deconvolutional
layers, and decoders for extracting image features and providing
interpretability.

Specifically, the first layer uses a 7 x 7 convolutional kernel
with an output channel number of 64 and a stride of 2, fol-
lowed by a 3 x 3 max-pooling layer with a stride of 2. The
following layers are Conva? VP ConvZP~VP Conv3P~VP,
and Conv2P~VP | each containing two 3 x 3 convolutional
layers with output channel numbers of 64, 128, 256, and 512,
respectively. After each convolutional layer, there is an encoder
(using a 1 x 1 convolutional kernel to adjust the number of
channels), a deconvolutional layer (using a 1 x 1 convolutional
kernel), and a decoder (using a 1 x 1 convolutional kernel).

Finally, the classification is performed through an average
pooling layer and two fully connected layer, using the softmax
function to output the results. The FLOPs are setting in 1.8 x 10°.
The regression and classification layers for object detection are
denoted by Rop_vyp and Caop_vyp respectively.

The training loss function for Rop_vp, Lpos 1S Shown in Exp.
(9) as follows:

By N By

Lppw =1 — ——9 Pl
box |Bgqu|+€7

C))
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where B, and B, are the ground truth and predicted bounding
boxes, respectively, and € is a small constant to avoid division
by zero. The training loss function for Cop_vp, L¢s is defined
as the binary cross-entropy loss in Exp (10):

Lys = -y lOg (g) - (1 - y) IOg (1 - Q) ) (10)
where y is the ground truth label and g is the predicted proba-
bility.

The 3D-VD module adopts a 3D residual neural network
architecture to handle the spatiotemporal features in video data.
The architecture of the AutoEncoder designed by 2D-VD is the
same, except that the convolution in the time dimension is added.
Specifically, the first layer uses a 7 x 7 x 7 convolutional kernel
with an output channel number of 64 and a stride of 3, followed
by a 3 x 3 x 3 max-pooling layer with a stride of 3. The subse-
quent layers are Convs? VP Convi?~VP Convi? VP and
ConviP~VP each containing two 3 x 3 x 3 convolutional
layers with output channel numbers of 64, 128, 256, and 512,
respectively. After each convolutional layer, there is an encoder
(using a 1 x 1 x 1 convolutional kernel to adjust the number
of channels), a deconvolutional layer (using a 1 x 1 x 1
convolutional kernel), and a decoder (usinga 1 x 1 x 1 convo-
lutional kernel). Finally, classification is performed through an
average pooling layer and two fully connected layers, using the
softmax function to output the results. The FLOPs are setting
in 1.8x10%.The regression and classification layers for object
detection are denoted by Rsp_vp and Csp_vp, respectively.

The training loss function for Rsp_vp,Lbox—smooth INCOIPO-
rates a temporal smoothness term for bounding boxes in Exp.

(11):

t+1
Lbomfsmooth = Lbozt + Asmooth Z || (B% - sz)

1=t

- (B _sz‘+1)||%7 (11)

where B, and B, ground truth and predicted bounding boxes
at time step, respectively. The training loss function for Csp_yp,
L 15— smooth incorporates a temporal smoothness term Exp. (12):

gi+t+1

t+1
Lclsfsmooth = Lclst + )‘smooth Z sz — Pi+1 H%a

i=t

12)

Where p; and p;4; are the predicted probabilities at consec-
utive time steps, and A g,00tn 1S the smoothness coefficient.

To quickly train the 3D-VD module, the proposed IMADS
adopts a transfer learning method. First, the 2D-VD model is
trained using frame-level annotations. After the 2D-VD training
is completed, the parameters from the 2D-VD encoder are
transferred to the 3D-VD module, and videos are used to train the
3D-VD model. This method not only allows for rapid training
but also reduces the data requirements for the 3D-VD, achieving
good results with fewer frame-level annotations. The specific
steps are as follows:

First, the 2D-VD is trained. After the training is completed, the
parameters are transferred to the 3D-VD for transfer learning.
The weights of the [-th layer encoder in the 2D-VD module,
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denoted as W?D , are defined with the shape in Exp. (13):

Wl2D eRclxcl,lxlxkxk’ (13)

Herein, Chand Cj_; represent the number of channels in the
[-th and [ — 1-th layers, respectively, and k denotes the kernel
size.

Similarly, the weights of the [ -th layer encoder in the 3D-VD
module, denoted as W?D , are defined with the shape in Exp.
(14):

W?D c Rclxcl,lxtxkxk. (14)

Herein, ¢ denotes the temporal dimension. During the trans-
fer process, the weights from WZQD are copied to the spatial
dimensions of W?D as follows in Exp. (15):

2D
3D _ ) Wiii0pq T 0
wl.z,j,r,p,q - {O, el r 7& O, (15)
Where i € {1,2,.....C;}, j € {1,2,....,Ci_1}, r € {1,2,

t—1},p,qe{1,2,...., k}.
Next, Xavier initialization is used to initialize the weights of
W?D along the temporal dimension as shown in Exp. (16):

/ 2

In the fine-tuning stage, W?D is trained end-to-end with the
objective:

3D
Wi g,r.p,q

minW3DLclsfsmooth (fcls (X, W3D) , Y) +)\,||W3Df W2D ||%
X;W3P) B),

Herein, L js—smooth ad Lyor—smootn are the smooth classi-
fication and regression loss functions respectively. f(X; W3P)
represents the prediction function using the 3D-VD module for
input X, Y denotes the true labels, B denotes the true labels the
bounding box regression. ||.|| » denotes the Frobenius norm, A is
a hyperparameter balancing the parameter transfer loss and the
task loss, and L denotes the number of layers in the network.
Expand this, the objective is shown in Exp. (17):

+ Lbomfsmooth (freg (

N
1
nﬁnW3D (N 7;1 Lclsfsmooth (fcls (.%'n, W3D> »yn)
)>
L C Ciqt-1

1535 35 35 3) 9 DI NPT

=1 i=1 j=1 r=0p=1¢g=1

N
1
+N Z Lbozfsmooth (freg (‘TTM W3D) ?b”

n=1

a7)

Through this transfer learning method, the 3D-VD module
can quickly perform fine-tuning in the spatial dimension and
training in the temporal dimension. Additionally, this method
allows the 3D-VD module to achieve good model performance
with less video annotation data.
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B. Text Branch

The text branch primarily includes two modules: the BERT
pre-trained module and the Bag-of-Words (BoW) module. The
input text comes from the speech-to-text transcription of video
data. The output is a combined decision from both modules.
Unlike manual settings or expert decisions, the decision weights
in the text branch are determined using Bayesian optimization.
This approach not only enables automated selection but also
provides interpretability, as Bayesian optimization focuses on
the posterior probability distribution, considering both prior
knowledge and the likelihood of the data. The specific operation
of the text branch is as follows:

Letx = {x1,x2,23,....., 2, }denotetheinputvideo, where
x; represents each 1-second video segment, and the corre-
sponding transcribed textis t = {¢1,t2,ts,.....,t, }, whreret;
represents the transcribed text for each 1-second video segment.
The operation of BERT is denoted as fggrr(-), represent as:
SBERT (tj) = fBERT (tj) where SBERT( ) represents the
prediction score for the text ¢; of BERT model The operation
of BoW is denoted as fpow (- ) spow (tj) = fBow (tj), where
spow (t;) represents the prediction score for the text t; of Bow
model.

Bayesian optimization is then performed with the goal of
finding the optimal weight v, where ypprr = v and Ypow =
1 — ~. The objective is to maximize the posterior probability
p(y]z,y), as shown in Exp. (18):

7" = argmax, p (Y[t,y) - (18)

According to Bayes’ theorem, the posterior probability can
be decomposed as shown in Exp. (19):

p () = W xp (1) (7).

Where p(v]|t,y) is the likelihood term and p(v) is the prior
term. For the likelihood term, it can be further decomposed as
shown in Exp. (20):

19)

Ity =[]0ty = [Tl -Gly) . @0
j=1 j=1

Assuming the prediction scores of each segment ¢; are con-
ditionally independent, as shown in Exp. (21):

p(rty) =[] pily,v) - (vlw)
j=1

H y-spprr (t) + (1= 7) - sow ()] - (V). Q1)

For the prior term p(7y), a Gaussian distribution that encour-
ages sparsity and small magnitude of the weights can be chosen,
as shown in Exp. (22):

p(7) =N (ylp, 0?) =

1 2
V2ro? P <_w2<72m> - (22

Substituting the likelihood and prior terms into the posterior
probability expression and taking the logarithm, as indicated in
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Exp. (23):

logp (7|t y) = Z log [y - sperT (t;) + (1 —7) .sBow (t;)]

+logp (v]y) + logp () + const
= Z log [y -sperr (t;) + (1 —7) .sBow (t;)]
j=1

(v =)’
202
The optimal weight y*can be obtained by maximizing the

above objective function in Exp. (24):

+logp (v|y) — + const. (23)

y*=argmax, Y log[y- sperr () + (1 —7) - spow (t;)]
j=1

(v —n)®
202
This optimization problem can be solved using gradient de-

scent or its variants. Let the objective function be £L(7y), then the

update rule for gradient descent is given in Exp. (25):

AED — O v g (7(0) 7

Where 7 is the learning rate, and V., £(+(")) is the gradient of
the objective function at v(*) By iteratively updating the weight
until convergence, the optimal weight y* can be obtained. During
this process, the prior term — % acts as aregularize, encour-
aging sparsity and small magnitude of the weights, thereby im-
proving model interpretability. By adjusting the hyperparameter
o, the influence of the prior on the posterior can be controlled,

balancing model performance and interpretability.

+logp (v]y) — (24)

(25)

C. Late Fusion

After both the text branch and the video branch have
been trained, during the usage phase, the video is input into
the IMADS system. The decision output for the video part,
Ps;p_y pis determined by the 3D—VD module. The decision for
the text branch, Pyt = 7y - SBERT(ﬁj) + (1 — ’}/).SBOW (tj> is
composed by the BERT module and the BoW module, and the
optimal weight v is found through Bayesian optimization.

The final comprehensive decision, P10 = @ - Psp_yp +
(1 — @) « Pieqt,is determined by repeating Exp. (18)—(25) to find
the optimal final weight a*.

V. PERFORMANCE EVALUATION

In this section, relevant experimental performance and anal-
ysis are presented.

A. Dataset

The experiments are conducted on two popular video anomaly
detection datasets: UCF-Crime and XD-Violence. The XD-
Violence dataset is currently the largest publicly available
datasetin the field of violence detection. It includes 4,754 videos,
totaling 217 hours, covering six types of violent events: verbal
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abuse, car accidents, explosions, brawls, riots, and shootings.
This dataset is randomly divided into a training set with 3,954
videos and a test set with 800 videos. The test set is further
categorized into 500 violent videos and 300 non-violent videos.
The UCF-Crime dataset contains 1,900 real-world surveillance
videos, with 1,610 for training and 290 for testing. It is impor-
tant to note that the training videos in both the XD-Violence
and UCF-Crime datasets only have video-level labels. For the
2D-VD training experiments, 600 videos were selected from the
training sets of both XD-Violence and UCF-Crime for frame-by-
frame annotation, processing each video at 30 frames per second.
In XD-Violence, each video is selected to be 5 seconds long; in
UCF-Crime, each video is chosen to be 3 seconds long. For the
textual part, for XD-Violence, video-to-text transcription is per-
formed every 1 second. Moreover, since the UCF-Crime dataset
only includes image modality without sound and text, the exper-
iments also followed the settings from references [15][16][17],
using a CLIP pre-trained model designed for anomaly detection
to process each frame of the videos to match corresponding text
descriptions, meeting the experimental needs.

B. Implementation Details

The IMADS is trained on a single NVIDIA A100 GPU using
PyTorch, with AdamW as the optimizer. For the choice of pre-
trained textual models, the module selected is english-abusive-
MuRIL, and the bag-of-words model chosen is XG-Boost.

In the settings of hyperparameters, for the 3D-VD transfer
learning in Exp. (18), A is set to 0.7, and for the Bayesian
optimization in Exp (25), o is set to 1.2. The learning rate 7
for Bayesian optimization is uniformly set to 10~ in Exp. (26).
The initial values of v and « are both set to 0.1.

In coarse-grained tasks, the learning rates for the image
branch in 2D-VD are set to 5 x 10~% for both XD-Violence
and UCF-Crime, and the batch size is 256, with 200 training
epochs. A sigmoid function is used to implement binary classi-
fication for coarse granularity. The learning rates for 3D-VD in
XD-Violence and UCF-Crime are setto 3 x 10 *and 4 x 1074,
respectively, with 150 training epochs. Similarly, the sigmoid
function is used to achieve binary classification for coarse gran-
ularity. In the textual branch, for XG-Boost, the learning rate in
XD-Violence is set to 4 x 10~%, with 250 trees and a depth of
100 per tree; in UCF-Crime, the learning rate is set to 5 x 1074,
with 500 trees and a depth of 250 per tree.

In fine-grained tasks, the learning rates for the image branch
in 2D-VD are set to 2 x 10~* for XD-Violence and 1 x 10~*
for UCF-Crime, with 300 training epochs. The learning rates
for 3D-VD in XD-Violence and UCF-Crime are 3 x 10~% and
4 x 1074, respectively, with 200 training epochs. In the textual
branch, for XG-Boost, the learning rate in XD-Violence is set to
4 x 1074, with 500 trees and a depth of 300 per tree; in UCF-
Crime, the learning rate is set to 5 X 104, with 530 trees and a
depth of 250 per tree.

C. Comparison With State-of-the-Art Methods

The proposed IMADS can realize coarse-grained and fine-
grained violence detection. The experiment presents the perfor-
mance of the proposed IMADS and compares it with several
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TABLE IV TABLE V
COARSE-GRAINED COMPARISONS ON XD-VIOLENCE (AP% ) AND UCF-CRIME FINE-GRAINED COMPARISONS ON XD-VIOLENCE
(AUC% AND ANO-AUC% )
Method mAP@IOU(%)
Modal | Method AP (%)  AUC (%)  Ano-AUC (%) 0.1 0.2 0.3 0.4 0.5 AVG
SVM baseline 50.80 50.10 50.00 Random Baseline 1.82 0.92 0.48 0.23 0.09 0.71
Single- | OCSVM 28.63 63.20 51.06 SVM 18.64 1253 11.05 8.26 4.32 10.96
Modal | C3D 31.25 51.20 3943 OCSVM 19.85  9.06 8.56 6.55 6.03 10.01
13D 45.23 50.48 50.09 C3D 20.28 13.72 8.44 5.06 2.81 10.06
STVAD 83.33 84.98 71.34 13D 2272 1557 998 620 678 1225
GS-MoE 82.89 91.58 83.86 GS-MoE 37.44  31.11 2634 1685 12.76 24.90
MTFL 84.57 87.16 67.26 STVAD 36.44 2734 2451 1442 1156 22.85
CLIP 76.57 84.72 62.60 MTFL 32.09 26.12 2746 1744 1554 23.53
13D 75.18 84.14 63.29 HD-Net 3535 28.02 2094 1501 1033 2193
HD-Net 80.00 84.57 62.21 CLIP 29.68 23.11 20.08 1358 11.24 19.53
) RTFM 78.27 85.66 63.86 AVVD 30.51 25.75 20.18 1483 9.79 20.21
Multi- 1 AvvVD 78.10 82.45 60.27 RTFM 3125 2685 21.94 1356 1254 21.23
Modal | pypy 82.41 86.75 68.62 DMU 3233 2888 2257 1433 13.68 22.36
WSTD 83.56 87.95 68.84 WSTD 3395 2633 2322 17.56 1453 23.12
CLIP-TSA 82.17 87.58 62.45 UMIL 3444 27.13 22.63 19.85 1324 2346
VadCLIP 84.51 88.02 70.26 CLIP-TSA 3453 3288 28.11 13.65 10.01 23.84
UMIL 81.68 86.75 68.68 VadCLIP 37.03 30.84 2338 1790 1431 24.70
CG-VAD 84.57 86.70 68.30 CG-VAD 3576 2933 2156 17.21 1422 23.61
IMADS (Ours) 86.61 88.03 73.68 IMADS (Ours) 39.88 3146 28,55 1948 1649 27.17
TABLE VI
state-of-the-art methods on coarse-grained and fine- grained FINE-GRAINED COMPARISONS ON UCF-CRIME
VAD tasks. PG00
. . m ()
Coarse-gmm.ed VAD Results: Table .IV reports coarse-grained Method 01 02 03 0.4 05  AVG
anomaly detection results on XD-Violence (AP) and UCF- Random Baseline | 021 014 004 002 00l 008
Crime (AUC, Ano-AUC). Overall, multimodal methods outper- SVM 364 359 239 134 098 239
form unimodal ones on most evaluation dimensions. Against SSSVM jgg ‘3“‘8‘; ;ig }'ié ;ﬁ ;g;
this backdrop, our proposed IMADS demonstrates'stable' and 3D S73 441 2690 193 144 324
strong overall performance on both benchmarks: it achieves GS-MoE 524 487 532 324 301 434
86.61% AP on XD-Violence, an outstanding result among STVAD 10.81 628 548 358 224 567
the compared methods and 88.03% AUC on UCF-Crime. It XIIF; 180;‘276 Zé; 222 i';? i'gz Zg
. . . -Net K . K . . .
slightly surpassing strqng competlt'mrs VadCLFP (88.02% ) and CLIP 1011 656 534 401 177 556
WSTD (87.95% ), while also attaining the highest Ano-AUC AVVD 1027 701 625 342 329 605
(73.68% ) among multimodal methods. Furthermore, relative RTFM 1259 754 644 542 154 671
to VadCLIP/WSTD, the proposed IMADS improves AP on bMU 11.32°7.62 597 433 236 632
XD-Viol by +2.10/43.05 ints: on UCE-Cri WSTD 1195 698 5.88 4.26 3.57 6.53
-Violence y +2.10/43. percentage points; on -Crime, UMIL 1184 785 652 397 284 660
the AUC gains are +0.01/+0.08, reflecting a small but consistent CLIP-TSA 1262 813 666 428 191 672
lead. Notably, although AVVD uses multi-category labels, it VadCLIP 172783 640 453 293 6.68
. CG-VAD 11.52  6.18 5.26 3.49 1.78 5.65
reaches only 78.10% AP on XD-Violence and 82.45% AUC on IMADS (Ours) 1266 824 669 549 383 738

UCF-Crime, substantially below the proposed IMADS, which
indicating that increasing label granularity is not sufficient;
effective utilization of annotations is crucial.

At the methodological level, prior multimodal works often
adopt early fusion at the embedding layer, which can induce
modality imbalance and complicate optimization. IMADS em-
ploys a modular, decoupled design for image/text branches
with late fusion: each modality is fully trained in its own
stage, after which Bayesian optimization adaptively searches
fusion weights, delivering better convergence stability and cross-
dataset generalization while maintaining efficiency. From a
broader perspective, we also acknowledge several limitations
and boundaries: (i) on UCF-Crime AUC, certain unimodal
methods (e.g., GS-MoE: 91.58% ) outperform IMADS (88.03%
), suggesting that different architectures may excel under
specific distributions and metrics; (ii) the AUC margins over
VadCLIP/WSTD on UCF-Crime are small, and statistical signif-
icance should be corroborated with multiple random seeds and

interval estimates; and (iii) the benefits of late fusion in IMADS
depend to some extent on pretraining quality and the fusion
weight search space—when one modality degrades markedly,
overall gains may narrow. Nevertheless, considering the leading
AP on XD-Violence, the comparable or slightly better AUC on
UCF-Crime, and the best Ano-AUC among multimodal meth-
ods, IMADS exhibits effectiveness, balance, and robustness on
mainstream coarse-grained evaluations.

Fine-grained VAD Results: Tables V and VI report mAP
at multiple IoU thresholds on XD-Violence and UCF-Crime.
Fine-grained detection is more demanding than coarse-grained
detection because it requires precise localization and category-
level discrimination; consequently, mAP consistently drops as
the IoU threshold increases. On XD-Violence (Table V), IMADS
attains the best AVG mAP (27.17% ) among all compared meth-
ods: +2.47 pp over the strongest multimodal baseline VadCLIP
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TABLE VII
ABLATION STUDY

Video Branch Text Branch XD-Violence  UCF-Crime
2D-VD 3D-VD Bert BoW AP (%) AUC (%)
v 36.64 36.89
v 48.88 51.25
v 54.65 65.56
v 36.56 47.56
v v 59.64 62.45
v v 52.88 57.69
v v 68.48 70.49
v v 61.23 63.89
v v 71.86 69.97
v v 66.23 69.44
v v v v 86.61 88.03

(24.70% ), +3.33 pp over CLIP-TSA (23.84% ), and +2.27 pp
over the strong unimodal GS-MoE (24.90% ). Per-threshold,
IMADS leads at IoU = 0.1, 0.3, 0.5, while CLIP-TSA slightly
edges out at IoU = 0.2 and UMIL is marginally better at
ToU = 0.4, indicating complementary strengths across regimes
and IMADS’s advantage in overall balance and high-threshold
robustness.

On UCF-Crime (Table VI), IMADS achieves the top mAP
at every IoU threshold (0.1-0.5) and the highest AVG mAP
(7.38% ), surpassing CLIP-TSA (6.72% ) and RTFM (6.71%
) by +0.66 and +0.67 pp, respectively. It is suggesting consistent
generalization across datasets. Architecturally, prior multimodal
works often rely on early fusion at the embedding level, which
can cause modality imbalance and hamper convergence. IMADS
employs modular, independent branches with late fusion and
Bayesian weight optimization, enabling each modality to fully
learn before adaptive decision-level integration. While there
remains room to improve at certain thresholds, IMADS demon-
strates leading or on-par overall performance with stronger
stability, validating the effectiveness of the proposed framework.

D. Ablation Study

Experiments are conducted on the XD-Violence and UCF-
Crime dataset with extensive ablation. Table VII presents the
ablation study of IMADS on two different datasets. The analysis
of the ablation study results leads to the following conclusions:
Using only the Video Branch or Text Branch results in relatively
low performance, indicating that relying solely on video or text
information is insufficient for violence detection. In the Video
Branch, the performance of 3D-VD is superior to that of 2D-VD,
demonstrating that 3D convolutions can better capture the spa-
tiotemporal information in videos. However, the experimental
results also show that without transfer learning, directly training
3D-VD yields worse results compared to using transfer learning,
with AP decreasing by 23.98% in the XD-Violence dataset and
AUC decreasing by 18.72% in the UCF-Crime dataset. This is
because the noise in the video data affects the ability of the
3D-VD module to extract information in multiple dimensions.
Transfer learning, on the other hand, by first training on 2D-VD
and then transferring to 3D-VD, allows 3D-VD training to
focus more on the temporal and spatial dimensions. Similarly,
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in the Text Branch, the performance of BERT is superior to
that of BoW, indicating that BERT can better understand text
semantics and extract effective textual features. Furthermore,
when the decisions of both branches are weighted, the decision
scores improve. The experimental results show that using both
the Video Branch and the Text Branch together significantly
outperforms using either branch alone, indicating that video and
text information are complementary, and their fusion can sig-
nificantly enhance violence detection performance. Using both
2D-VD and 3D-VD in the Video Branch, or both BERT and BoW
in the Text Branch, further improves performance, indicating
that there is also complementarity between different model com-
ponents. When all model components are used together, the best
performance is achieved on both datasets, with an AP of 86.61%
and an AUC of 88.03% , indicating that this fusion approach
can maximize the use of information from different modalities,
thereby improving the accuracy of anomaly behavior detection.

E. Bayesian Optimization and Interpretable Analysis

Fig. 4 aims to demonstrate the process and results of finding
the optimal weights v* and a* for the text branch and late fusion
of the proposed IMADS after Bayesian optimization on two
different datasets. The x-axis denotes the number of iterations
during Bayesian optimization, while the y-axis represents the
values of the weight parameters and the loss. Fig. 4 illustrates
how Bayesian optimization determines the optimal weights v*
and o for the text branch and late fusion after multiple iterations
and convergence of the loss function.

Specifically, For the text branch, on the XD-Violence dataset,
the optimal weight v* ~ 0.7543 indicates that the branch’s
decisions rely more on spgrT (tj ), whereas on the UCF-Crime
dataset, the optimal weight v* ~ 0.4821 suggests that the deci-
sions lean more toward spgow ().

For late fusion, on the XD-Violence dataset, the optimal
weight a* ~ 0.6567 shows that the IMADS results are more
influenced by the text branch’s decisions. Conversely, on the
UCF-Crime dataset, the optimal weight a* ~ 0.4116 demon-
strates that the results are more focused on the 3D-VD branch.
Through this optimization process, IMADS achieves an effec-
tive balance between the textual and visual branches, thereby
attaining stronger model performance across datasets.

This interesting phenomenon shows that the weight settings
differ across different datasets. More precisely, Bayesian opti-
mization can find the best weight distribution points for different
data distributions across various datasets. To explain and visu-
alize this phenomenon, the experiments used LIME [18] and
CAM-based [20] approaches to perform interpretable and visual
analyses on each module in different branches of the IMADS.

For the text branch, the experiments used LIME [18] to
interpret the text content. To ensure interpretability stability
and consistency, the experiments followed the approach in [19],
setting the kernel function in LIME to 0.25. The interpretable
texts were selected from the data in each test set. To maintain
interpretative fairness, the original linear regression in LIME
was replaced with a tree model to avoid collinearity among
attributes.
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Fig. 4. The process and results of obtaining the optimal weights v* and o* for
the text branch and late fusion through Bayesian optimization on two datasets.

For the video branch, the experiments used a CAM-based
method [20] to visualize the image content. The CAM is
a heatmap-based interpretability method that visualizes the
model’s decision process, helping users understand the decisions
the model makes based on the data.
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Fig. 5 shows the interpretable visualization of two modules
in the text branch using LIME. The Fig. contains four subplots.
Subplots (a) and (b) are visualizations of the BoW and BERT
modules in XD-Violence, respectively. Subplots (c) and (d) are
visualizations of the BoW and BERT modules in UCF-Crime,
respectively.

According to subplots (a) and (b), the text data in the XD-
Violence dataset is obtained through speech-to-text conversion,
with most of the sentences being emotional. As shown in the
subplots (a), the interpretable visualizations reveal that the de-
cisions of the BoW model precisely focus on certain adjectives
or nouns, such as “garbage” and “mental”. This indicates that
the training of the BoW model meets the expected standards,
enabling it to make relevant decisions and judgments based on
emotional content.

Furthermore, in subplot (b), the interpretable results show that
the pre-trained language model better integrates contextual and
semantic information in the experimental results, but its decision
scores are not as precise as those of the BoW model. This sug-
gests that while the pre-trained model excels in understanding
the overall semantics and context of the text, it is not as accurate
as the BoW model in specific emotional judgments and detail
handling.

Compared to the experimental results and the selection of y* in
Fig. 4, it can be seen that the weight distribution in XD-Violence,
which prioritizes the pre-trained model and supplements it with
the BoW model, is very reasonable.

According to subplots (c) and (d), the text data in the UCF-
Crime dataset is obtained through CLIP, with most of it de-
scribing scenes and behaviors. The interpretable visualizations
reveal that in subplot (c), the decisions of the BoW model
precisely focus on words used to describe events and scenes,
such as “fighting” and “violent.” This indicates that the training
of the BoW model on UCF-Crime meets the expected standards,
allowing it to make decisions and judgments that align with user
expectations.

Furthermore, in subplot (d), the interpretable results show that
the pre-trained language model integrates context and semantics
in the experimental results, but its decision scores are not as
clear as those of the BoW model. This suggests that while the
pre-trained model excels in understanding overall semantics and
contextual connections, it is not as precise as the BoW model
in describing specific events and making detailed judgments.
Compared to the selection of +* in the experimental results of
Fig. 4, it can be seen that the weight distribution in UCF-Crime,
prioritizing the BoW model and supplementing it with the pre-
trained model, is very reasonable.

Fig. 6 shows the visualization results of 3D-VD on two differ-
ent datasets using CAM heatmaps with two simple examples. As
shown in Fig. 6, the judgments of 3D-VD in these two anomaly
scenes focus on violent behavior, indicating that the 3D-VD
model can effectively capture and emphasize key areas related
to violence in the images, thereby improving the model’s ability
to detect abnormal behavior.

Specifically, in the example from the XD-Violence dataset,
the model’s focus is on the chaotic scenes in the crowd, while in
the example from the UCF-Crime dataset, the model’s focus is
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(a) Some examples of interpretable visualizations of the Bow model using a
LIME-based approach on the XD-Violence dataset.
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(c) Some examples of interpretable visualizations of the Bow model using a
LIME-based approach on the UCF-Crime dataset.

LIME Interpretable Visualization.

Fig. 5.

(c) The examples of the XD-Violence dataset.

Fig. 6. The CAM-based Interpretable Visualization.
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(b) Some examples of interpretable visualizations of the Bert model
using a LIME-based approach on the XD-Violence dataset.
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(d) Some examples of interpretable visualizations of the Bert model
using a LIME-based approach on the UCF-Crime dataset.

(b) The interpretable visualizations of the 3D-VD model using a CAM-
based method approach on the XD-Violence dataset.

(d) The interpretable visualizations of the 3D-VD model using a CAM-
based method approach on the XD-Violence dataset.
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Fig. 7. Qualitative results of coarse-grained in XD-Violence.

on areas where fighting occurs. These results not only validate
the stability and reliability of the 3D-VD model in different
scenes but also demonstrate its strong generalization ability,
maintaining high accuracy in various violent scenarios.

Similarly, combining the textually interpretable cases in
Fig. 5, compared to the weight a*optimized by Bayesian op-
timization, it is evident that o has a greater weight in the
video branch due to the complexity of the text content in the
XD-Violence dataset. In the UCF-Crime case, because of higher
recognizability of the text content, the weight a* in the video
branch is slightly lower than in the text branch.

This also reflects the flexibility and effectiveness of Bayesian
optimization in weight allocation.

Experimental results also prove that the Bayesian optimiza-
tion method, by adaptively adjusting the weights of the video and
text branches, enables the model to fully utilize the advantages
of their respective features across different datasets and sce-
narios, thereby enhancing overall detection performance. At the
same time, this optimization approach has strong interpretability.
Specifically, through the adjustment of weights, users can clearly
understand the model’s emphasis on video and text features
in different scenarios, which not only improves the model’s
performance but also enhances its transparency and credibility.

F. Qualitative Results

Fig. 7 aims to demonstrate the qualitative results of the pro-
posed IMADS for video anomaly detection on the XD-Violence
dataset. The Fig. includes various types of anomaly examples
and their corresponding anomaly prediction curves. Each type of
anomaly (e.g., explosions, abuse, riots, shootings, and normal)
includes several example video frames. In these frames, red
boxes indicate the areas where the model predicts anomalies.
Below each set of anomaly-type frames, there is a blue anomaly
prediction curve. The pink background areas correspond to the
actual anomaly periods. When the blue curve rises above the
average value, the area is marked with a pink background,
indicating that the model detects anomalies at those time points.

As shown in Fig. 7, the experimental results indicate that the
proposed IMADS model can accurately predict anomaly events
in most cases while maintaining a low false positive rate for
normal videos. The low false positive rate of the IMADS is
due to its ability to effectively distinguish between normal and
abnormal patterns by leveraging visual and textual features. Sim-
ilarly, the Bayesian-optimized late fusion allows the model to
achieve optimal balance between different modalities, reducing
the likelihood of misclassifying normal events as anomalies.
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Fig. 8.  Transfer learning efficiency test.

G. Transfer Learning Efficiency Test

Fig. 8 shows the comparison of performance and training time
between 2D-VD transferred to 3D-VD and standalone 3D-VD
on the UCF-Crime and XD-Violence datasets. As shown in
Fig. 8, the accuracy of standalone 3D-VD does not signifi-
cantly improve with an increasing number of training epochs. In
contrast, the performance of the 2D-VD transferred to 3D-VD
method significantly improves as the number of training epochs
increases. Additionally, as indicated by the right Y-axis, the
2D-VD + 3D-VD (Transfer) method significantly reduces the
training time. On the XD-Violence dataset, the training time is
reduced from 12 hours to 8 hours; on the UCF-Crime dataset, the
training time is reduced from 10 hours to 6 hours. This demon-
strates that transfer learning not only effectively accelerates the
training process but also improves model performance.

VI. CONCLUSION

This paper introduced IMADS, an interpretable multimodal
framework for video anomaly detection that couples text and
video branches and resolves cross-modal decisions through
Bayesian-optimized late fusion. On the video side, we adopt
a transfer strategy that pretrains on frame-level 2D-VD and then
fine-tunes only the temporal weights on video-level 3D-VD,
yielding long-range temporal sensitivity at modest computa-
tional cost. A comprehensive suite of experiments and ablations
shows that IMADS delivers competitive accuracy, retains effi-
cient inference, and provides interpretation-friendly evidence,
while remaining stable across both coarse- and fine-grained
tasks.

Authorized licensed use limited to: Tamkang Univ.. Downloaded on March 27,2026 at 12:09:16 UTC from IEEE Xplore. Restrictions apply.



1876

At the same time, we acknowledge several technical and
practical boundaries. Although IMADS achieves state-of-the-
art or near-state-of-the-art performance on key metrics across
XD-Violence and UCF-Crime, we observe that, under certain
evaluation settings, unimodal architectures such as GS-MoE
can surpass multimodal late fusion on UCF-Crime AUC, un-
derscoring that architectural advantages depend on data distri-
bution and metric choice. Moreover, the AUC margins over
strong multimodal baselines on UCF-Crime are modest and
warrant confirmation via multiple random seeds and interval
estimation. The benefits of late fusion are also contingent on
the quality of single-modality pretraining and the fusion search
space; when one modality deteriorates substantially due to noise,
occlusion, or semantic sparsity, overall gains may diminish.
While temporal-only fine-tuning improves efficiency and long-
range modeling, its spatial adaptability under severe domain
shift remains improvable. Finally, our interpretability evaluation
relies primarily on intrinsic scores and visual rationales; human-
subject studies and task-level assessments are still missing, and
uncertainty estimation and calibration for open-set and OOD
cases are not yet integrated into a unified treatment.

Looking forward, we will develop IMADS along three in-
tertwined directions. First, at the modality scale, we aim to
incorporate audio and trajectory cues, strengthen robustness
to misalignment and missing modalities, and leverage open-
vocabulary textual priors to reduce annotation cost. Second, at
the learning mechanism level, we plan to make fusion adaptive
and uncertainty-aware. It is extending Bayesian optimization to
per-video or per-segment dynamic weighting, complemented by
temperature calibration and confidence estimation for reliable
open-world deployment. Third, at the system validation level,
we will establish rigorous protocols for cross-domain transfer,
test-time adaptation, and continual learning; on the edge, we will
pursue distillation, pruning, quantization, and sliding-window
inference to optimize latency—energy—accuracy jointly, while
closing the loop on interpretability with human-subject stud-
ies and task-level impact metrics. In sum, IMADS provides
an efficient, robust, and extensible blueprint for interpretable
multimodal anomaly detection, and we expect these directions
to further strengthen its reliability and usability in complex,
open-world, real-time applications.
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