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Abstract
Scene-dependent video anomaly detection (SDVAD) is a recently
emerging and valuable topic. Existing methods typically rely on
scene-conditioned generative learning, which implicitly embeds
scene context without explicitly considering the intrinsic video
scene labels and the connection between foreground events and
their corresponding scenes. To this end, we propose a novel
discriminative-contrastive learning framework, which can explic-
itly exploit scene labels and bridge foreground events and scenes
for effective SDVAD. First, we deploy a discriminative learning
process by directly taking scene class labels from different surveil-
lance cameras as learning targets. It trains deep neural networks
(DNNs) to classify events from different scenes, and anomalies are
determined based on scene-aware classification probabilities in in-
ference. Second, to fully establish the connection between events
and scenes, we develop a contrastive learning strategy, which pulls
events closer to their corresponding scenes while pushing them
away from other scenes. During inference, the distance between
events and scenes is utilized to perform anomaly scoring for further
enhancing performance. Finally, we design a joint discriminative-
contrastive DNN, where the discriminative module embeds scene
modulation signals into multiple layers with learnable weights to
properly incorporate scene information, and the contrastive mod-
ule utilizes a memory bank to augment contrastive samples, thus
strengthening the connection between events and scenes. Extensive
experiments on commonly-used SDVAD datasets demonstrate that
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our method achieves state-of-the-art performance with up to 8.5%
AUC improvement over existing methods.
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1 Introduction
As a critical enabling technology for public security and intelligent
monitoring, video anomaly detection (VAD) has attracted sustained
attention in multimedia research and responsible AI [15, 38, 39,
44, 46, 48]. Most existing VAD methods adopt a semi-supervised
setting, using large collections of normal videos to learn normal
patterns [8]. They typically employ generative objectives, such as
reconstruction [6, 13, 25, 41, 49] or prediction [5, 7, 24, 32, 50], and
identify anomalies based on high generative errors. However, these
methods mainly characterize deviations from learned appearance
and motion patterns, providing limited evidence for why an event
is anomalous in a particular scene. This limitation is especially
relevant to scene-dependent settings, where the same behavior can
be normal in one scene but abnormal in another.
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Figure 1: Comparison of different SDVAD paradigms. (a) illustrates generative learning paradigms, which implicitly embed
scene information and derive anomaly scores from appearance-level differences between the original event and its generated
counterpart. In contrast, our discriminative-contrastive paradigm in (b) explicitly combines scene-conditioned event classifica-
tion with contrastive event-scene similarity, offering a more direct and semantically grounded basis for anomaly scoring.

Early methods typically focus on single-scene VAD [31], where
a video dataset from a fixed surveillance camera is collected to con-
struct a normality model tailored to that scenario. Since multiple
surveillance cameras are usually deployed at different locations and
angles in public area, subsequent methods have gradually shifted
from single-scene to multi-scene VAD [12, 23, 27, 35]. They col-
lect video data from multiple scenes to build models capable of
detecting abnormal events across various scenes. It is important
to note that the manifestations of anomalies vary across different
scenes, i.e. anomalies exhibit scene dependence [5], which means
that an event is normal in one scene but anomalous in another. For
example, running on a playground is normal, but running in a bank
constitutes a notable abnormal event. Obviously, scene-dependent
anomalies are prevalent in daily life, and detecting such anomalies
holds significant practical value. However, most methods fail to
consider the scene dependence of anomalies. On the one hand,
these methods do not explicitly incorporate scene information dur-
ing training, thus tending to classify the same type of event (e.g.
running) as anomalous across different scenes. On the other hand,
most existing VAD datasets (e.g. ShanghaiTech [22]) do not include
scene-dependent anomalies, as the abnormality of the same event
remains consistent across different scenes. This is also the reason
why most methods overlook scene-dependent anomalies. They are
not penalized for failing to detect such anomalies on these datasets.

To advance the research on scene-dependent video anomaly
detection (SDVAD), recently Cao et al. propose the first SDVAD
dataset named NWPU Campus [5]. It is currently the largest and
only semi-supervised VAD dataset that includes scene-dependent
anomalies. Subsequently, a few SDVAD methods [5, 7, 50] have
been proposed and validated on this dataset. Their key idea is to
embed scene information into themodel to influencemodel training,
thereby integrating scene information for VAD. For instance, Cao et
al. [5] propose to embed scene images into a conditional variational
autoencoder when training a generative model for video frame
prediction learning.

Despite certain progress, we have observed some valuable in-
sights: Current SDVAD methods usually do not explicitly consider
intrinsic video scene labels, which provide crucial information
for distinguishing scene-dependent anomalies. Specifically, since
video events from various scenes are captured by different surveillance
cameras, they inherently carry natural scene class labels from differ-
ent cameras (i.e. camera IDs [50]), which contain direct information
about which events belong to which scenes. However, as shown in Fig.

1(a), current SDVAD methods typically follow classic generative
learning, which implicitly embeds scene information (e.g. scene
images) into generative models without utilizing scene labels in
generative learning objectives (e.g. mean square error minimiza-
tion). This may result in the limited impact of scene information.
Besides, existing SDVAD methods do not explicitly establish the
connection between foreground events and scene context, as gener-
ative learning objectives usually do not include direct relationships
between foregrounds and scenes.

To alleviate the aforementioned issues, we propose a novel
discriminative-contrastive learning framework that can achieve
effective SDVAD by explicitly leveraging scene labels and the con-
nection between foreground events and scene context. As shown
in Fig. 1(b), the core idea is to perform discriminative learning on
foreground events from different scenes based on scene class la-
bels, while conducting contrastive learning using the affiliation
relationships between foreground events and scenes. During in-
ference, events that cannot be correctly discriminated or establish
correct connection with the corresponding scenes are detected as
abnormal events. This dual-objective design enables the model to
capture both categorical event-scene relationships and continu-
ous event-scene semantic similarity, yielding more discriminative
and robust representations for anomaly detection. Specifically, our
contributions are summarized as follows:

• To explicitly utilize scene labels, we propose a discriminative
learning-based SDVAD method. It directly takes scene class
labels of different cameras as learning targets to train deep
neural networks (DNNs) for classifying foreground events
from different scenes. During inference, we propose to use
scene-aware classification probabilities based on scene labels
to score events for SDVAD.

• To fully consider the connection between foreground events
and scenes, we develop a contrastive learning strategy. It
reduces the distance between foreground events and their
corresponding scenes while increasing the distance from
other scenes. The distance is also used for anomaly scor-
ing in inference, thus leveraging the connection between
foregrounds and scenes to enhance SDVAD.

• We further design a joint discriminative-contrastive DNN for
effective learning, where the discriminative module embeds
scene modulation information into multiple network layers
with learnable weights to balance foreground events and
scene information, and the contrastive module introduces
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a memory bank to store and update contrastive samples
in learning process, thereby strengthening the connection
between events and scenes.

To verify the effectiveness of the proposed method, we conduct ex-
periments on commonly-used SDVAD datasets as well as the scene-
independent ShanghaiTech dataset. Experimental results demon-
strate that our method achieves state-of-the-art performance on
scene-dependent datasets with an obvious AUC improvement (up
to 8.5%), while also exhibiting strong generalizability on scene-
independent settings.

2 Related Work
2.1 Video Anomaly Detection Methods
Video anomaly detection (VAD) is inherently challenging due to
the extreme scarcity of anomalous samples and the assumption
that training data contain only normal behaviors. Consequently,
most existing methods adopt a semi-supervised learning paradigm,
where the model is trained exclusively on normal samples and
detects anomalies as deviations from learned patterns. Current
semi-supervised VAD approaches can be broadly categorized into
two types: reconstruction-based [3, 6, 12–14, 25, 37, 41, 49], and
prediction-based [4, 9, 11, 16, 17, 19, 23, 24, 27, 32, 34, 35] methods.
These methods are generative in nature, relying on the assump-
tion that anomalies are deviations from the learned distribution
of normal data. Despite their success, these approaches are scene-
agnostic and do not explicitly account for the fact that the same
behavior may be normal in one scene but abnormal in another. As
a result, they fail to capture the contextual dependency between
scene semantics and anomalous behaviors, which is essential for
reliable detection in real-world multi-scene environments.

The release of the NWPU Campus dataset [5] has drawn in-
creasing attention to scene-dependent video anomaly detection
(SDVAD). Cao et al. [5, 7] and subsequent works [50] proposed a
series of scene-aware generative methods, which incorporate scene
context or scene embeddings into reconstruction- or prediction-
based frameworks. Specifically, Cao et al. [5] integrated the encoded
scene image as a conditional input into a Conditional Variational
Auto-Encoder (CVAE) to generate scene-related latent features and
decode them into predicted frames. Later, Cao et al. [7] employed
a Hierarchical Variational Auto-Encoder (HVAE) to extract scene-
generic features and a Tiny Auto-Encoder to capture scene-specific
latent representations, which were then fused within a Score-based
Diffusion Model (SDM) and decoded through the HVAE decoder for
scene-dependent prediction. Building upon this line of work, Zhang
et al. [50] proposed a Noise-Conditioned Score Transformer (NCST),
which adds noise to input video frames, divides them into patches,
and jointly models scene information to predict noise-conditioned
patches, with anomaly scores computed via Autoregressive De-
noising Score Matching (ADSM). While these methods effectively
integrate scene information into generative frameworks, they pri-
marily embed scene context implicitly, rather than fully exploiting
the explicit scene labels.

2.2 Video Anomaly Detection Datasets
This work mainly focuses on semi-supervised video anomaly de-
tection, where models are trained solely on normal data without

video-level annotations. Consequently, weakly-supervised datasets
such as UCF-Crime [36] and XD-Violence [43] that rely on video-
level labels are not considered. Representative datasets commonly
used for semi-supervised VAD include UCSD Ped1 & Ped2 [42],
Subway Entrance & Exit [2], UMN [40], CUHK Avenue [20], Shang-
haiTech [22], Street Scene [30], IITB Corridor [34], UBnormal [1],
and NWPU Campus [5].

Among them, only UMN, ShanghaiTech, UBnormal, and NWPU
Campus contain multiple scene types, while the others are single-
scene datasets that lack diversity in spatial or contextual conditions.
The UMN dataset does not provide an official train-test split, which
limits its consistency for benchmarking. The UBnormal dataset
is synthetically generated using animated characters, leading to a
domain gap between synthetic and real-world videos. Among the re-
maining real-world multi-scene datasets, ShanghaiTech represents
a multi-scene but scene-independent dataset, where the definition
of anomaly is consistent across all scenes, while NWPU Campus
represents a multi-scene and scene-dependent dataset, where the
same event may be normal in one scene but anomalous in another.

Specifically, NWPU Campus includes typical scene-dependent
anomalies such as cycling on roadway (normal) versus cycling on
square (abnormal). Building upon ShanghaiTech, the authors of
NWPU Campus further constructed a scene-dependent extension
named ShanghaiTech-sd, which includes four distinct scenes where
cycling is defined as a scene-dependent anomaly. These datasets
collectively highlight the evolution of VAD research from single-
scene, context-agnostic settings toward multi-scene, context-aware
anomaly detection, motivating the development of our label-guided
scene-dependent framework. In this work, we focus on NWPU
Campus and ShanghaiTech-sd for scene-dependent evaluation, and
additionally include ShanghaiTech to verify the generalizability of
our method on scene-independent multi-scene settings.

3 The Proposed Discriminative-Contrastive
Learning Framework for SDVAD

As shown in Fig. 2, our proposed SDVAD framework integrates two
complementary learning paradigms (i.e. discriminative learning and
contrastive learning) via a joint discriminative-contrastive DNN.
Following the classic semi-supervised VAD setting, all training
videos contain only normal events, without exposure to anomalies
or manually annotated behavior labels. Accordingly, our framework
uses intrinsic camera-based scene labels to learn normal event-
scene matching relations and identifies test events that violate
these learned relations as anomalies. Unlike generative approaches
that implicitly exploit scene information, our framework jointly
leverages scene labels and event-scene relationships. Within this
framework, discriminative learning provides scene-aware supervi-
sory signals by classifying each event into its corresponding scene,
while contrastive learning enhances the semantic alignment be-
tween events and scenes through similarity-driven objectives. These
two learning objectives are cohesively implemented through a ded-
icated scene-conditioned DNN, which serves as the architectural
backbone enabling hierarchical fusion of event and scene features.

It should be noted that our framework does not assume a one-
to-one mapping between event types and scenes. The same event
(e.g., walking, cycling) can occur across multiple scenes and may
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Figure 2: Overview of the proposed discriminative-contrastive framework for scene-dependent video anomaly detection.

be normal in all of them, which is consistent with the used datasets.
The key insight is that the same event exhibits distinct contextual
patterns in different scenes, and scene information is integrated to
capture these scene-conditioned patterns rather than to bind events
rigidly to a single scene identity. For scene-invariant anomalies (e.g.,
fighting, shooting), they are absent from all normal training data
and thus unmatched to any scene, causing both the discriminative
and contrastive objectives to consistently assign them high anomaly
scores at test time.

3.1 Discriminative Learning-Based SDVAD
Motivation. The core nature of SDVAD lies in that anomalies are
defined with respect to a specific scene, making it essentially an event-
scene mismatch problem. Although prior generative paradigms in-
corporate scene information during training or inference as con-
ditional guidance, their underlying motivation remains the same:
normal events are easy to reconstruct or predict, whereas abnor-
mal ones are not. As a result, these methods primarily capture
appearance-level discrepancies rather than the semantic matching
between an event and its scene. In contrast, the motivation behind a
discriminative learning paradigm is more aligned with the essence
of SDVAD: if a model is unable to classify a foreground event into
the correct scene, the event is likely inconsistent with that scene
and therefore potentially anomalous. This provides a natural and
direct formulation of scene-dependent anomaly detection.
Learning Objective. To capture the semantic matching between
an event and the scene in which it occurs, we formulate the discrimi-
native learning objective as a scene-conditioned event classification
problem. Let the data distribution over event-scene pairs and their
scene labels be (𝑒𝑖 , 𝑠 𝑗 , 𝑦) ∼ 𝑝 (𝑒, 𝑠,𝑦), where 𝑦 ∈ {1, . . . , 𝐾} denotes
the scene identity. The objective is to learn a scene-conditioned
classifier 𝑔𝜃 that minimizes the expected negative log-likelihood of
the correct scene label:

min
𝜃
E(𝑒𝑖 ,𝑠 𝑗 ,𝑦)∼𝑝 (𝑒,𝑠,𝑦)

[
− log 𝑝𝜃

(
𝑦 | 𝑓𝑒,𝑖 , 𝑓𝑠,𝑗

) ]
. (1)

Concretely, given the event and the corresponding scene embed-
dings 𝑓𝑒,𝑖 , 𝑓𝑠,𝑗 ∈ R𝐷 , the classifier predicts scene logits:

𝑧 = 𝑔𝜃 (𝑓𝑒,𝑖 , 𝑓𝑠,𝑗 ), (2)
where 𝑧 ∈ R𝐾 . The conditional distribution over scenes is obtained
using the softmax:

𝑦𝑘 = 𝑝𝜃 (𝑦 = 𝑘 | 𝑓𝑒,𝑖 , 𝑓𝑠,𝑗 ) =
exp(𝑧𝑘 )∑𝐾

𝑚=1 exp(𝑧𝑚)
, (3)

where 𝑘 = 1, . . . , 𝐾 . Given the one-hot ground-truth label 𝑦 ∈
{0, 1}𝐾 and its index 𝑦scene, the instantiated negative log-likelihood
corresponds to the cross-entropy loss:

Lclassify = − log𝑦𝑦scene . (4)

During inference, anomaly scoring is scene-aware: a mismatch
between an event and its scene lowers the classifier’s confidence
in the correct scene. Thus, the anomaly score is derived from the
model’s uncertainty regarding the ground-truth scene:

𝑆classify = 1 − 𝑦𝑦scene . (5)

3.2 Contrastive Learning-Based SDVAD
Motivation. Although scene-label classification provides a strong
discriminative signal, the supervision it offers lacks fine-grained
relational constraints. It only learns to associate an event with a
single categorical label, without explicitly modeling how strongly
an event corresponds to its scene or how different it is from other
scenes. To this end, we introduce a symmetric contrastive learning
objective that quantifies the alignment between event and scene
embeddings, thereby improving the model’s ability to distinguish
abnormal behaviors that deviate from scene context.
Learning Objective. The contrastive learning objective is formu-
lated under the same probabilistic setting as discriminative learning.
Given event-scene pairs (𝑒𝑖 , 𝑠 𝑗 , 𝑦) ∼ 𝑝 (𝑒, 𝑠,𝑦), the goal is to learn
event-scene alignment by pulling together embeddings sharing the
same scene label while pushing apart those from different scenes.
Formally, the objective is to minimize the expected contrastive loss:

min
𝜃
E(𝑒𝑖 ,𝑠 𝑗 ,𝑦)∼𝑝 (𝑒,𝑠,𝑦)

[
Lcontrast (𝑒𝑖 , 𝑠 𝑗 , 𝑦;𝜃 )

]
, (6)

where Lcontrast is a bidirectional event-scene contrastive loss de-
fined below. For the given event embeddings 𝑓𝑒,𝑖 ∈ R𝐷 and scene
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embeddings 𝑓𝑠,𝑗 ∈ R𝐷 , we construct positive and negative pairs
based on their scene labels 𝑦𝑒,𝑖 and 𝑦𝑠,𝑗 :

𝑚𝑖, 𝑗 =

{
1, if 𝑦𝑒,𝑖 = 𝑦𝑠,𝑗 ,
0, otherwise,

(7)

where𝑚𝑖, 𝑗 indicates whether the 𝑖𝑡ℎ event and the 𝑗𝑡ℎ scene share
the same scene label. We use cosine similarity with temperature 𝜏 :

sim(𝑓𝑒,𝑖 , 𝑓𝑠,𝑗 ) =
𝑓 ⊤
𝑒,𝑖
𝑓𝑠,𝑗

𝜏 | |𝑓𝑒,𝑖 | | | |𝑓𝑠,𝑗 | |
. (8)

The event→scene contrastive loss is defined as:

L𝑒2𝑠 = −
∑︁
𝑖

log
∑
𝑗 𝑚𝑖, 𝑗 exp(sim(𝑓𝑒,𝑖 , 𝑓𝑠,𝑗 ))∑
𝑗 exp(sim(𝑓𝑒,𝑖 , 𝑓𝑠,𝑗 ))

. (9)

Symmetrically, the scene→event loss is:

L𝑠2𝑒 = −
∑︁
𝑗

log
∑
𝑖𝑚𝑖, 𝑗 exp(sim(𝑓𝑠,𝑗 , 𝑓𝑒,𝑖 ))∑
𝑖 exp(sim(𝑓𝑠,𝑗 , 𝑓𝑒,𝑖 ))

. (10)

It is worth noting that although cosine similarity itself is symmetric,
L𝑒2𝑠 and L𝑠2𝑒 are not redundant: L𝑒2𝑠 sums over events (index
𝑖), contrasting each event against all scenes in the batch, while
L𝑠2𝑒 sums over scenes (index 𝑗 ), contrasting each scene against all
events. Their comparison targets therefore differ, and combining
both directions ensures that the alignment is enforced from both
the event and scene perspectives. The full contrastive objective
combines both directions:

Lcontrast =
1
2
(L𝑒2𝑠 + L𝑠2𝑒 ) . (11)

During inference, the same similarity function is used to assess
event-scene alignment. A foreground event that poorly aligns with
its scene yields a lower similarity value and is thus more likely to
be abnormal. The contrastive anomaly score is defined as:

𝑆contrast = 1 − sim(𝑓𝑒,𝑖 , 𝑓𝑠,𝑗 ), (12)

which provides a complementary measure of event-scene discrep-
ancy beyond classification uncertainty.

3.3 Joint Discriminative-Contrastive DNN
To realize the above learning objectives, we design a joint DNN
integrating both discriminative and contrastive modules, detailed
as follows: Preprocessing. To accurately localize and represent
foreground events, we follow the event construction pipeline of [47]
to perform object localization. For each localized foreground object,
we retrieve the identically positioned patches from the previous
(𝑇 − 1) frames to form a spatio-temporal cube, which allows DNN
to incorporate short-term temporal dynamics. Each cube thus corre-
sponds to a single foreground event, capturing its localized motion
and appearance evolution over time. Further details of the cube
construction pipeline are provided in the supplementary material.

To obtain discriminative and robust representations, we extract
features using a frozen DINOv2 encoder [26], ensuring stable and
semantically rich scene and event embeddings without additional
parameter updates. For the scene frame, the encoder first produces
a set of spatial tokens, which we average to obtain a global scene
embedding 𝑓𝑠,𝑗 ∈ R𝐷 . For each foreground event, the spatial tokens
of its spatio-temporal cube are also mean-pooled per frame, yield-
ing an event representation 𝑓𝑒,𝑖 ∈ R𝑇×𝐷 , where 𝑇 is the number of

patches in the cube. When computing the contrastive similarity in
Eq. 8, the event embedding 𝑓𝑒,𝑖 is further averaged along the tem-
poral dimension 𝑇 to obtain a single vector representing its overall
spatio-temporal semantics. Note that this temporal averaging is
applied exclusively for the contrastive module. In the discrimina-
tive module (e.g., Eq. 14), the full spatio-temporal representation
𝑓𝑒,𝑖 ∈ R𝑇×𝐷 is retained and processed along the temporal axis to
preserve fine-grained temporal dynamics.
Discriminative DNNModule. To prevent the classifier from over-
fitting to static scene appearance, we perturb the scene embedding
𝑓𝑠,𝑗 using random multiplicative noise sampled per sample before
injecting it into the fusion blocks. Given the original scene repre-
sentation 𝑓𝑠,𝑗 , we draw a random scaling factor 𝛼 ∼ U(0, 1), and
broadcast it across the feature dimension. The perturbed scene
embedding is then computed as:

𝑓𝑠,𝑗 = 𝛼 𝑓𝑠,𝑗 , (13)

which effectively reduces the dominance of raw scene appearance
and encourages the model to consider both the scene context and
event dynamics during subsequent fusion. Meanwhile, before event-
scene fusion, each event embedding 𝑓𝑒,𝑖 is processed using𝑀 layers
of temporal self-attention. These pre-fusion layers capture intra-
event temporal dynamics and produce a temporally contextualized
representation of its spatio-temporal cube. Formally,

𝑓𝑒,𝑖 = Self-Attntemporal (𝑓𝑒,𝑖 ), (14)

where attention is applied along the temporal axis 𝑇 , allowing the
model to capture motion-consistent temporal dependencies for the
𝑖𝑡ℎ foreground event. For each of the 𝑁 Fusion Blocks 𝑙 , we apply
a separate temporal self-attention operation inside the block to
the current event representation, yielding the updated event fea-
tures 𝑓 𝑎𝑡𝑡

𝑒,𝑖
immediately before event-scene fusion. Unlike the 𝑀

pre-fusion layers, this block-level operation repeatedly sharpens
event features at each fusion stage, helping preserve event-specific
cues and preventing scene information from overwhelming the
event representation. We then adopt an AdaLN-Zero–style mod-
ulation [29], which takes the scene embedding as a conditional
input to achieve hierarchical and adaptive fusion between event
and scene features. Given the perturbed scene embedding 𝑓𝑠,𝑗 , a
single MLP outputs six modulation parameters for the attention
and FFN branches:

𝛾attpre, 𝛽
att
pre, 𝛾

att
post, 𝛾

ffn
pre, 𝛽

ffn
pre, 𝛾

ffn
post = MLP(𝑓𝑠,𝑗 ), (15)

The attention branch is computed as:

𝑓 ′𝑒,𝑖 = 𝑓𝑒,𝑖 + 𝛾
att
post ⊙ Attn

(
𝛾attpre ⊙ LN(𝑓𝑒,𝑖 ) + 𝛽attpre

)
, (16)

and the FFN branch further yields:

𝑓 ′′𝑒,𝑖 = 𝑓
′
𝑒,𝑖 + 𝛾

ffn
post ⊙ FFN

(
𝛾ffnpre ⊙ LN(𝑓 ′𝑒,𝑖 ) + 𝛽

ffn
pre

)
. (17)

In all expressions, Attn denotes the self-attention operator, FFN
refers to the feed-forward network, and LN indicates the normal-
ization layer. The symbol ⊙ denotes element-wise multiplication
with broadcasting along the temporal dimension.
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To balance event and scene information, each block is equipped
with a learnable fusion weight𝑤𝑙 , initialized jointly over the tempo-
ral dimension 𝑇 and feature dimension 𝐷 to ensure sample aware-
ness and maintain diversity:

ℎ𝑒,𝑖 = 𝑤𝑙 𝑓
𝑎𝑡𝑡
𝑒,𝑖 + (1 −𝑤𝑙 ) 𝑓 ′′𝑒,𝑖 . (18)

The fused features are added residually to the event representation:

𝑓𝑒,𝑖 = 𝑓𝑒,𝑖 + ℎ𝑒,𝑖 . (19)

For final classification, we follow the formulation in Eq. 15, 16,
and 17 and design an AdaLN-Zero–style scene-conditioned classifi-
cation head that further injects scene information into 𝑓𝑒,𝑖 . Given
the perturbed scene embedding 𝑓𝑠,𝑗 , an MLP generates the modula-
tion parameters:

𝛾cls, 𝛽cls = MLP(𝑓𝑠,𝑗 ), (20)
where 𝛾cls, 𝛽cls ∈ R𝐷 are broadcast along the temporal dimension.
The classification logits are obtained by modulating the normalized
event embedding:

𝑧 = Linear
(
(1 + 𝛾cls) ⊙ LN(𝑓𝑒,𝑖 ) + 𝛽cls

)
, (21)

here 𝑧 ∈ R𝐾 denotes the predicted logits over the𝐾 scene categories.
The discriminative loss Lclassify is computed following the cross-
entropy formulation in Eq. 3-4.
Contrastive DNN Module. Scene labels alone only guide the
model to learn (event, scene) → label relations. To explicitly model
the event & scene semantic associations, we introduce a dedicated
contrastive learning module.

Within each training batch, foreground event features and scene
belonging to the same scene label form positive pairs, while those
belonging to different scene labels form negative pairs. To enrich
the pool of contrastive samples, we maintain a memory bank that
stores previously observed event and scene embeddings together
with their labels. At each iteration, embeddings from the current
batch are concatenated with stored entries in the memory bank,
and contrastive learning is performed between the current batch
features and this augmented set, following the formulations in
Eq. 9, 10, and 11. After computing the loss, the memory bank is
updated in a FIFO manner. Let M𝑛 denote the memory bank at
iteration 𝑛, and B𝑛 the current batch of embeddings. The queue
update is:

M𝑛+1 = Dequeue
(
Enqueue(M𝑛,B𝑛),𝐶

)
, (22)

here 𝐶 is the fixed maximum capacity of the memory bank. This
queue-based mechanism ensures that the memory bank is continu-
ously refreshed with recent samples.

In this way, by combining the symmetric contrastive objectives
in Eq. 9-10 with a large and dynamically refreshed memory bank,
both scenes and events are exposed to significantly richer positive
and negative examples. This enables the model to learn more dis-
criminative representations, thereby improving semantic alignment
and enhancing overall robustness in scene-dependent anomaly de-
tection during training.

3.4 Training Objective
The overall learning objective integrates both the discriminative
loss and the event-scene contrastive loss. The discriminative loss
in Eq. 4 optimizes the model to correctly assign each event to its

ground-truth scene label. Complementarily, the contrastive loss
in Eq. 11 enforces semantic alignment between events and their
corresponding scenes while increasing separation frommismatched
scenes. To jointly optimize these two complementary objectives,
we formulate the total training loss as a weighted combination:

Ltotal = Lclassify + 𝜆Lcontrast . (23)

The balancing coefficient 𝜆 controls the relative contribution of the
contrastive component.

3.5 Anomaly Inference
During inference, two complementary anomaly scores are com-
puted for each detected event: the discriminative classification
score 𝑆classify in Eq. 5 and the contrastive similarity score 𝑆contrast
in Eq. 12. These scores are combined through a scalar weighted
fusion:

𝑆
(𝑖 )
fused = (1 −𝑤) · 𝑆 (𝑖 )classify +𝑤 · 𝑆 (𝑖 )contrast, (24)

where 𝑤 represents the scalar weight applied to the contrastive
score. This simple linear combination allows the two complemen-
tary anomaly cues to be balanced in a straightforward and inter-
pretable manner. A sensitivity analysis of 𝑤 is provided in the
supplementary material. For a single frame, the final anomaly score
is the maximum fused event-level score over all detected events:

𝑆frame = max
𝑖
𝑆
(𝑖 )
fused . (25)

Afterward, a median-filter–based sliding window is applied to
smooth the resulting score sequence.

4 Experiments and Analysis
4.1 Experimental Settings
Datasets. Experiments are primarily conducted on two SDVAD-
specific datasets: NWPU Campus [5] and ShanghaiTech-sd [5],
denoted as “NWPU” and “ST-sd” respectively. To further verify the
generalizability of our method beyond scene-dependent settings,
we also evaluate on ShanghaiTech [22], a widely used multi-scene
but scene-independent VAD dataset containing 13 scenes where
anomaly definitions are consistent across all scenes.
Implementation Details. As introduced in Sec. 3.3, we employ
a frozen DINOv2 encoder to extract event and scene embeddings,
with a feature dimension of 𝐷 = 768. The temporal span for con-
structing each event’s spatio-temporal cube is set to 𝑇 = 9. For dis-
criminative DNN module, the number of pre-fusion self-attention
layers is 𝑀 = 4, and the number of Fusion Blocks is 𝑁 = 4. As
for contrastive DNN module, the memory bank has a capacity of
𝐶 = 8,192, storing up to 𝐶 event embeddings, 𝐶 scene embeddings,
and their associated scene labels. The weight of the contrastive
loss is set to 𝜆 = 0.5. All models are trained using the SGD [33]
optimizer with a batch size of 512 and a learning rate of 0.01. All
experiments are conducted on an NVIDIA GeForce RTX 4090 GPU
using the PyTorch [28] framework. More implementation details
are provided in supplementary material.
Evaluation Metric. Following the widely adopted evaluation pro-
tocol in VAD, we use the Area Under the Curve (AUC) of the Re-
ceiver Operating Characteristic as the evaluation metric. All test
frames are concatenated to compute an overall frame-level AUC.
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Table 1: Comparison on scene-dependent VAD datasets.

Method Venue NWPU ST-sd
Generative Learning-Based

OG-Net [49] CVPR 20 62.5 69.6
MemAE [12] ICCV 19 61.9 67.4
MNAD [27] CVPR 20 62.5 68.2
HF2-VAD [19] ICCV 21 63.7 70.8
MPN [24] CVPR 21 64.4 76.9

AMMC-Net [4] AAAI 21 64.5 64.9
FBAE [5] CVPR 23 68.2 82.7
SSAE [7] TPAMI 24 75.6 83.6

MS-VAD [51] CVPR 24 70.1 -
SMDR [14] MM 25 73.8 -
ADSM [50] ICCV 25 76.9 -

Other Existing Methods
LLSH [21] TCSVT 22 62.2 -
CRCL [18] TIP 25 73.8 -
Discriminative-Contrastive Learning-Based

Ours MM 26 77.3 92.1

Table 2: Comparison on ShanghaiTech dataset.

Method Venue ShanghaiTech
FFP [17] CVPR 18 72.8

MemAE [12] ICCV 19 72.8
CAE [15] CVPR 19 78.7

MNAD [27] CVPR 20 70.5
MTP [34] WACV 20 76.0

AMMC-Net [4] AAAI 21 73.7
HF2-VAD [19] ICCV 21 76.2
VABD [16] TIP 21 78.2
MPN [24] CVPR 21 73.8
SSMTL [11] CVPR 21 82.4
HSNBM [3] MM 22 76.5
LLSH [21] TCSVT 22 77.6

MoCoDAD [10] ICCV 23 77.9
FBAE [5] CVPR 23 79.2
FPDM [45] ICCV 23 78.6

Two-stream [6] TIP 24 83.7
SDMAE [32] CVPR 24 79.1
SSAE [7] TPAMI 24 80.5
ADSM [50] ICCV 25 84.5

Ours MM 26 81.3

4.2 Main Results
Tab. 1 reports the AUC comparison on the scene-dependent NWPU
and ShanghaiTech-sd datasets, while Tab. 2 additionally reports the
comparison on the scene-independent ShanghaiTech dataset.
Results on Scene-Dependent Datasets. As shown in Tab. 1, our
method achieves an AUC of 92.1% on ShanghaiTech-sd, significantly
outperforming all existing methods including SSAE [7] (83.6%) and
FBAE [5] (82.7%) by a large margin of +8.5% and +9.4%, respec-
tively. On the more challenging NWPU Campus dataset with 43
diverse scenes, our method achieves 77.3% AUC, surpassing the
previous best competing methods ADSM [50] (76.9%) and SSAE [7]
(75.6%). These results demonstrate that explicitly exploiting scene la-
bels and modeling event-scene correlations through discriminative-
contrastive learning is highly effective for SDVAD.

Normal

(a) Anomaly Detection Results of the ShanghaiTech-sd Dataset  

Abnormal

Normal
Abnormal

(b) Anomaly Detection Results of the NWPU Campus Dataset  

Figure 3: Qualitative visualization of scene-dependent anom-
aly detection results.

Table 3: Ablation results of the discriminative and contrastive
learning components.

Learning Components ST-sdDiscriminative Module Contrastive Module
✓ 88.9

✓ 89.0
✓ ✓ 92.1

Visualization on Scene-Dependent Datasets. Fig. 3 shows quali-
tative results on two scene-dependent datasets. In (a) ShanghaiTech-
sd, “cycling” is manually defined as a normal event in Scene 1 but
abnormal in other scenes. In (b) NWPU Campus, cycling on road-
way is considered normal, while cycling on square is abnormal.
In both datasets, our model accurately distinguishes these scene-
dependent normal and abnormal cases, confirming its ability to
model event-scene consistency and perform context-aware anom-
aly detection.
Generalizability on Scene-Independent Datasets. To further
evaluate the generalizability of our framework, we report results on
the scene-independent ShanghaiTech dataset in Tab. 2. Although
our method is primarily designed for scene-dependent anomaly
detection, it still achieves a competitive AUC of 81.3% on Shang-
haiTech, outperforming most generative methods such as FBAE [5]
(79.2%), SSAE [7] (80.5%), and SDMAE [32] (79.1%). This demon-
strates that our discriminative-contrastive framework possesses
strong generalizability: even on multi-scene datasets where anom-
alies are not scene-dependent, the learned event-scene representa-
tions still provide effective cues for anomaly detection. The scene-
conditioned classification and contrastive alignment mechanisms
do not overfit to scene-dependent patterns, but rather learn broadly
useful event-scene semantic correspondences that transfer well
across different evaluation settings.

4.3 Discussion
To validate the effectiveness of our proposed framework, we con-
duct extensive experiments on the ShanghaiTech-sd dataset, ana-
lyzing the impact of individual learning modules, generalizability
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Table 4: Generalization to unseen scene labels.

Train Scenes Test Scenes AUC (%)
{1, 10} {6, 12} 81.7
{6, 12} {6, 12} 84.3

Table 5: Ablation on key architectural design choices.

Random Noise Fusion Methods ST-sdScalar Fusion Sample-Aware Fusion
✓ 90.9

✓ ✓ 90.8
✓ ✓ 92.1
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Figure 4: Hyperparameter sensitivity analysis.

to unseen scene labels, critical architectural design choices, and key
hyperparameters. More results, including complementary analyses
of baselines, generalization, and model behavior, as well as com-
putational cost and comparisons with multimodal large language
models (MLLMs), are reported in the supplementary material.
Effect ofDiscriminative&Contrastive Learning.Tab. 3 presents
the ablation results of the two key learning components. When
only the discriminative module is used, the model achieves an
AUC of 88.9%, indicating that explicit scene-label supervision ef-
fectively guides the model to distinguish scene-dependent anom-
alies. When trained solely with the contrastive module, module
attains a comparable AUC of 89.0%, indicating that contrastive
learning alone provides useful relational cues but limited seman-
tic guidance. Notably, each single component already surpasses
all baselines in Tab. 1, further demonstrating the effectiveness of
our learning design. By jointly optimizing both components, the
proposed framework reaches 92.1%, demonstrating a clear +3.1%
improvement over the contrastive-only variant. This result verifies
that discriminative learning and contrastive learning are mutually
complementary.The former provides explicit semantic matching
between events and scenes, while the latter reinforces event-scene
alignment and strengthens the model’s ability to capture scene-
dependent correlations.
Generalization to Unseen Scene Labels. A natural concern is
whether the discriminative classifier, trained on a fixed set of scene
labels, can handle a new or previously unseen camera without re-
training. To investigate this, we evaluate on ShanghaiTech-sd by
training on scenes {1, 10} and performing inference on the entirely
unseen scenes {6, 12}, comparing against the in-domain baseline
that trains and tests on {6, 12}. As shown in Tab. 4, the cross-scene
setting achieves 81.7% AUC, only 2.6% below the in-domain result
of 84.3%. This gap is modest and demonstrates that the model re-
tains meaningful discriminative capability even on scene labels
it has never encountered during training. The underlying reason

is twofold. First, although the scene class labels differ, the visual
feature distributions of normal events (e.g., walking, standing) are
largely shared across scenes, and our model learns to exploit these
cross-scene commonalities during training. Second, the contrastive
module learns generic event-scene alignment rather than label-
specific boundaries, so the similarity-based anomaly score remains
informative even when the exact scene identity is unknown. To-
gether, these properties allow our framework to generalize beyond
its training scene set, addressing the unseen-scene challenge with-
out retraining.
Effect of Scene Perturbation and Fusion Strategy. As discussed
in Eq. 13 and Eq. 18, our framework introduces random perturbation
to scene embeddings and a sample-aware fusion mechanism to bal-
ance event and scene information. Tab. 5 evaluates their respective
contributions by removing the random perturbation and replac-
ing the sample-aware fusion with a simple scalar fusion. Without
applying random noise, the model tends to overfit to static scene
appearance, achieving an AUC of 90.9%. When random noise is
preserved but the fusion module is replaced with a simple learnable
scalar weight, performance remains limited (90.8%). In contrast,
combining scene perturbation with our proposed sample-aware
fusion yields the highest AUC of 92.1%, demonstrating that both
stochastic scene perturbation and the sample-aware fusion mecha-
nism are essential for effectively balancing event-scene information
in context-aware anomaly detection.
Hyperparameter Sensitivity Analysis. Fig. 4 visualizes how the
key hyperparameters affect model performance. For self-attention
layers (𝑀) and fusion blocks (𝑁 ) in (a) and (b), we vary one while
fixing the other at 4. Both curves peak at 4 layers, suggesting an op-
timal balance between event-level feature learning and event-scene
fusion. Too few layers underfit event representations, whereas too
many may cause oversmoothing or scene dominance. In (c), a mod-
erate memory bank capacity (𝐶) of 8192 yields the best performance.
Smaller capacities limit the diversity of positive and negative pairs,
while excessively large banks introduce outdated embeddings, lead-
ing to noisy contrastive gradients. In (d), the optimal contrastive
loss weight is 𝜆 = 0.5. Smaller weights reduce the contribution of
contrastive supervision, whereas larger ones overemphasize fea-
ture alignment and weaken discriminative classification learning.
Despite these variations, our model consistently outperforms all
competing methods in Tab. 1, demonstrating strong robustness to
hyperparameter choices.

5 Conclusion
In this paper, we propose a discriminative-contrastive joint learning
framework for SDVAD. Unlike the classic scene-conditioned gener-
ative learning paradigm, our framework explicitly leverages natural
scene labels and event-scene relationships through discriminative
and contrastive learning. Building upon these two complementary
objectives, we design a scene-informed DNN that achieves effec-
tive scene-dependent classification and event-scene contrastive
alignment via proper scene information integration. Extensive ex-
periments on SDVAD datasets demonstrate state-of-the-art per-
formance, while results on the scene-independent ShanghaiTech
dataset further confirm that the learned event-scene representations
generalize well beyond scene-dependent settings.
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