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Abstract

Video anomaly detection (VAD) is a crucial task for public
safety and workforce reduction. Due to the rarity of ab-
normal events and the high cost of data collection, one-
class classification (OCC) methods are extensively used.
OCC methods are divided into object- and frame-centric
approaches, each with its limitations. Object-centric meth-
ods fail to detect non-object anomalies because they focus
solely on objects, whereas frame-centric methods struggle
to identify abnormalities due to a higher background rate
than the foreground rate in video frames. To this end, we
define three types of abnormal events, namely, human, ap-
pearance, and non-object anomalies, and propose a unified
VAD (UniVAD) model that effectively detects each defined
anomaly type. UniVAD comprises three streams, namely,
skeleton, local-visual, and global-visual, and each stream
focuses on a specific type of anomaly. In addition, each
stream uses an autoencoder; thus, we introduce the feature
future past prediction task, which predicts past and future
features based on present feature to suppress the strong gen-
eralization capacity of autoencoders. We validate the pro-
posed model on three public benchmarks, ShanghaiTech,
UBnormal, and NWPUCampus, and demonstrate that it
achieves state-of-the-art performance by a significant mar-
gin.

1. Introduction
Video anomaly detection (VAD) aims to automatically iden-
tify events that deviate from normal patterns in videos and
is essential for public safety and workforce reduction. Al-
though a considerable amount of research has been con-
ducted on VAD, it remains a challenging task. Due to
the subjective definition of anomalies and the scarcity of
anomalous samples, a fully supervised manner is not em-
ployed. Therefore, most VAD methods follow a one-class
classification (OCC) approach, which utilizes only normal
data during training. OCC methods model the distribution
of normal data by predicting future frames or reconstructing
present frames and consider samples that deviate from this

Figure 1. Examples of human, appearance, and non-object anoma-
lies and comparisons of results from different methods. The results
are presented as histograms of the anomaly scores for the normal
and abnormal samples. From top to bottom: anomaly type, result
of STG-NF [20] (object-centric method), result of MNAD [32]
(frame-centric method), and result of ours.

distribution as anomalies.
OCC methods can be divided into object- and frame-

centric approaches. Object-centric methods [3, 15, 20, 22,
23, 26, 27, 46] focus on objects, such as humans, cars,
and bicycles, utilizing object detectors [47] or multi-object
trackers [48]. Object-centric methods outperform frame-
centric methods due to the higher occurrence rate of ob-
ject anomalies. However, they may fail to detect anoma-
lies if object detectors fail to detect objects or when non-
object anomalies, such as fire and smoke, occur. As shown
in the Object-VAD results presented in Fig. 1, Object-
VAD effectively distinguishes between normal and abnor-
mal samples when the abnormal type is human or appear-
ance. However, it fails to make this distinction when the ab-
normal type is non-object. In contrast, frame-centric meth-
ods [5, 17, 25, 30, 32, 39, 41] consider the overall context



without relying on object detectors; they can detect non-
object anomalies. However, because these methods utilize
video frames in which the background rate is higher than the
foreground rate, their performance is generally lower than
that of object-centric methods. As shown in the Frame-VAD
results presented in Fig. 1, Frame-VAD effectively distin-
guishes the distribution of normal and abnormal samples
for non-object anomalies compared to Object-VAD. How-
ever, it fails to make a clear distinction between anomalies
related to humans and appearance.

To address these issues, motivated by Sun et al. [38], we
categorize all anomalies into the following types: human
anomalies, such as violence or theft; appearance anoma-
lies, such as vehicles or bicycles passing on sidewalks; non-
object anomalies, such as fire or smoke. To effectively de-
tect each defined anomaly type, we propose a unified VAD
(UniVAD) model. The proposed UniVAD model comprises
skeleton, local-visual, and global-visual streams, with each
stream focusing on detecting a specific anomaly type. The
skeleton stream uses skeleton data extracted from objects
to detect human anomalies; the local-visual stream uses
local-visual features extracted from objects to detect ap-
pearance anomalies; the global-visual stream uses global-
visual features extracted from video frames to detect non-
object anomalies. Following previous studies [19, 49], we
utilize autoencoders (AEs) in all streams to model the dis-
tribution of normal data.

Because we use reconstruction-based AEs, it is essen-
tial to suppress their strong generalization capacity, which
effectively reconstructs unseen anomalous samples during
training. To this end, future prediction methods [25, 40, 44],
which predict future frame based on past frames, and bidi-
rectional prediction methods [7, 13, 24, 43], which predict
present frame based on both past and future frames, have
been developed. However, future prediction methods can
accurately predict anomalous samples due to low variations
between adjacent frames, and bidirectional prediction meth-
ods can interpolate present frame from both past and fu-
ture frames, enabling effective reconstruction of anomalous
samples. To effectively address this issue, we propose the
feature future past prediction (FFPP) task. This task pre-
dicts both past and future features based on present feature,
effectively suppressing the strong generalization capacity of
AEs. In the FFPP task, variations between the input and
output are significant, and present feature cannot be inter-
polated from past and future features.

All streams are designed to effectively detect anomalies
by utilizing the FFPP task. The skeleton stream predicts
both future and past skeletons based on present skeleton and
introduces skeleton spatial loss (SSL) and skeleton tempo-
ral loss (STL) to learn the spatial and temporal relationships
between predicted skeletons. The local- and global-visual
streams predict past, present, and future visual features,

which are extracted from past, present, and future frames
or objects, based on the present visual feature.

UniVAD exhibits improvements of 2.4%, 10.5%, and
3.5% in the micro area under the receiver operating char-
acteristic curve (AUC) compared to previous state-of-the-
art (SOTA) methods on the ShanghaiTech, UBnormal, and
NWPUCampus datasets, respectively, demonstrating that it
is concise yet effective. Furthermore, extensive ablation
studies and visual results demonstrate the well-founded de-
sign of UniVAD, highlighting that each stream effectively
captures distinct types of anomalies. Our primary contribu-
tions can be summarized as follows:

• We propose UniVAD, which comprises three independent
streams, and is designed to effectively detect all anomaly
types.

• We propose the FFPP task, which predicts both past and
future features based on present feature to effectively re-
duce the generalization capacity of AEs.

• We achieved new SOTA performance on three public
benchmarks and provided extensive ablation experiments.

2. Related work

Video Anomaly Detection. VAD has multiple training
modes, including the OCC mode [17, 25, 27, 30, 32, 43, 45],
which uses only normal data for training; the unsupervised
mode [45], where both normal and abnormal data are in-
cluded in the training set but without labels; the weakly su-
pervised mode [9, 37, 45], where only video-level labels
are available; the fully supervised mode [20], where frame-
level labels are present. In this study, the OCC mode was
adopted.

Existing VAD methods that utilize only normal training
data are primarily grouped into reconstruction-based meth-
ods [6, 21, 28, 34] that learn to reconstruct present frames
and prediction-based methods [25, 40, 44] that learn to pre-
dict future frame based on past frames, typically employ-
ing generative adversarial networks (GANs) [18] or AEs.
Both methods classify samples with significant reconstruc-
tion or prediction errors as anomalies. However, they strug-
gle with strong generalization capacity for anomalies (even
when these samples are unseen during training), which re-
sults in poor anomaly detection performance. The use of a
memory mechanism [17, 32], multimodal data (e.g., optical
flow [25], skeleton [20] and text [9] data), diffusion mech-
anism [41] and the introduction of bidirectional prediction
[23, 43] suppresses the generalization capacity to some ex-
tent; however, the improvements remain far from perfect.
To address this, we propose the FFPP task, which predicts
both past and future features based on present feature.
Object-centric VAD. Object-centric VAD uses objects ex-
tracted from frames via an object detector to perform object-
level anomaly detection using self-supervised methods or



Figure 2. Overview of proposed method. The overall framework consists of preprocessing, feature extraction, and three streams. Each
stream, using a preprocessing and feature extraction step, predicts all features from past to future based on present feature. The skeleton
and local-visual streams use the object, whereas the global-visual stream uses the entire video clip.

various pretrained models. For example, Sun et al. [38]
extracted appearance and motion information from objects
using ViT [2] and PoseConv3D [11] and applied contrastive
learning [8] to push different objects apart and bring sim-
ilar objects closer together. Morais et al. [31] extracted
skeleton data from objects using AlphaPose [12] to detect
human anomalies and employed two GRU AE branches to
account for the global and local decomposition of the skele-
ton. Wang et al. [39] divided objects into spatiotempo-
ral cubes and reconstructed these mixed cubes as if solv-
ing a jigsaw puzzle, thereby enhancing the ability of the
model to capture the spatial and temporal relationships of
objects. However, these methods only detect object anoma-
lies, such as humans, cars, and bicycles, and they struggle to
detect non-object anomalies such as fire and smoke. In con-
trast, our approach can detect non-object anomalies using
the global-visual stream.

Frame-centric VAD. Frame-centric VAD takes video
frames as input and utilizes AE or GAN structures to learn
prediction and reconstruction at the pixel level of images.
These methods can detect all types of anomalies and have
the advantage of high fps speeds, because they tend to rely
less on pretrained models. For example, Liu et al. [25]
used GAN structures to predict future frame based on short
past frames and employed Flownet [10] to learn the optical
flow between past and future frames, thereby enhancing the
quality of the generated frame. Ristea et al. [34] proposed
a self-supervised predictive convolutional attentive block

to enhance VAD performance. However, these methods
use image frames with a higher proportion of background
than foreground, which increases the false positive rate for
normal samples and reduces the detection performance for
small objects. In contrast, our approach mitigates these is-
sues using the skeleton and local-visual streams, which re-
sults in improved detection performance for small objects.

3. Method

Fig. 2 shows the overall architecture of the proposed method
and the preprocessing step. In the preprocessing stage, a
video is divided into multiple clips. The l-th video clip,
represented as vl = {vlt | vlt ∈ RH×W×3}Tt=1, consists of T
frames and is provided as input. Within this clip, an object
detector and tracker are used to identify and extract multiple
continuous objects across the frames. For simplicity, we
assume that only a single continuous object sequence ol =
{olt | olt ∈ RH′×W ′×3}Tt=1 is extracted from vl. In this
context, we define the terms past (pst), present (prst), and
future (ftr) correspond to specific time points t = 1, t =
T/2,and t = T , respectively.

UniVAD comprises the skeleton, local-visual, and
global-visual streams. The skeleton and local-visual
streams are designed to use the extracted object sequence
ol to detect object-related (human, appearance) anomalies,
whereas the global-visual stream leverages the video frame
sequence vl to detect non-object anomalies. All streams
apply the FFPP task, which models past and future fea-



tures based on present feature to suppress the strong gen-
eralization capacity of AEs. However, each stream exhibits
slight differences in terms of its learning approach. The
skeleton stream predicts all skeletons from past to future
based on present skeletons, whereas the local- and global-
visual streams predict past, present, and future visual fea-
tures based on present visual feature. Since frames are
affected by nuisance parameters such as background clut-
ter, illumination changes, and other environmental factors
[20, 29, 31, 36], visual features tend to exhibit lower tempo-
ral consistency compared to skeleton features. As a result,
the visual streams are designed to predict features across all
three time frames (past, present, and future). In the infer-
ence step, the final anomaly score is obtained by integrating
the anomaly scores of each stream. The details of UniVAD
are explained in the following section.

3.1. Skeleton stream
The skeleton stream leverages skeleton data to detect
human-related anomalies and captures movement patterns
and poses to identify unusual behavior. The continuous
skeleton sequences fskl ∈ RT×J×C are extracted from
ol using a pose extractor. Here, T, J, and C represent the
length of sequence, the number of joints, and the coordi-
nates of the joints, respectively. To ensure the matching of
the input and output shapes within this stream, the present
skeleton fskl

mask ∈ RT×J×C is generated by masking the
past and future skeletons, focusing only on the present state.
This can be represented by the following equation:

fskl
mask =

{
fskl
t if t = T/2

0 otherwise
(1)

Following previous studies [14, 20, 23], we use a graph-
based AE Φskl, which utilizes spatial temporal graph con-
volution networks (GCN), to model the spatial and tempo-
ral relationships of the skeletons. Φskl predict all skeletons
from past to future based on fskl

prst. This follows the equa-
tion below.

f̂skl = Φskl(f
skl
mask) (2)

We introduce the SSL and STL to learn the spatial and
temporal relationships of the predicted skeletons. SSL
encourages the predicted joint coordinates to be similar
to their target coordinates by penalizing coordinate differ-
ences. Specifically, we minimize the mean squared error
(MSE) between the predicted skeletons f̂skl and the target
skeletons fskl, calculated as follows:

Lssl =

T∑
t

J∑
j

∥∥fskl
t,j − f̂skl

t,j

∥∥2
2

(3)

STL encourages the displacement of the predicted joint co-
ordinates to more closely match the displacement of the tar-
get joint coordinates by penalizing coordinate differences.

To achieve this, we minimized the MSE between the dif-
ferences in the predicted and target skeletons, as calculated
below.

Lstl =

J∑
j

∥∥(fskl
T,j − fskl

1,j )− (f̂skl
T,j − f̂skl

1,j )
∥∥2
2

(4)

Finally, the overall loss function is expressed as follows:

Lskl = λ ∗ Lssl + (1− λ) ∗ Lstl (5)

Here, λ denotes a hyperparameter that controls the contri-
bution of each loss.

3.2. Local-visual stream
The local-visual stream leverages local-visual features to ef-
fectively detect appearance anomalies. The past, present,
and future local-visual features is extracted from the past,
present, and future object through the encoder Φenc. To
model long-term temporal dependencies, these features are
stacked in consecutive clips L as follows:

f loc
l,∗ = Φenc(o

l
∗), (6)

f loc
∗ = {f loc

l,∗ |f loc
l,∗ ∈ RD}Ll=1, (7)

where ‘*’ denotes either pst, prst, or ftr, D is dimension
of the feature. We employ temporal upsampling (TUS) to
generate elocpst, e

loc
prst and elocftr ∈ RL×D, which are then con-

catenated into a single feature eloc ∈ R3L×D. This con-
catenated feature is processed by a transformer-based AE
Φloc, which utilizes temporal self-attention layers (TSA) to
model the correlations between consecutive objects clips as
follows:

elocpst, e
loc
prst, e

loc
ftr = TUS(f loc

prst) (8)

f̂ loc
pst, f̂

loc
prst, f̂

loc
ftr = Φloc(e

loc) (9)

The network is trained by minimizing the MSE between the
predicted and target local visual features and ensures that
the model accurately captures the desired feature correla-
tions as follows:

Lloc =
∥∥f loc

pst− f̂ loc
pst

∥∥2
2
+
∥∥f loc

prst− f̂ loc
prst

∥∥2
2
+
∥∥f loc

ftr− f̂ loc
ftr

∥∥2
2

(10)

3.3. Global-visual stream
The global-visual stream uses global-visual features to
effectively detect non-object anomalies within the video
frames. In a similar manner to the local-visual stream, The
past, present, and future local-visual features is extracted



from the past, present, and future frame through the encoder
Φenc as follows:

fglo
∗ = Φenc(v

l
∗), (11)

We use temporal upsampling (TUS) and the multilayer-
based AE Φglo to capture global features, and Φglo predicts
the three global-visual feature based on fglo

prst as follows:

eglopst, e
glo
prst, e

glo
ftr = TUS(fglo

prst) (12)

f̂glo
pst , f̂

glo
prst, f̂

glo
ftr = Φglo(e

glo) (13)

The network is trained by minimizing the MSE between the
predicted and target global features as follows:

Lglo =
∥∥fglo

pst − f̂glo
pst

∥∥2
2
+
∥∥fglo

prst− f̂glo
prst

∥∥2
2
+
∥∥fglo

ftr− f̂glo
ftr

∥∥2
2

(14)

3.4. Inference
The anomaly score for each stream is calculated based
on the loss of that stream. Because the skeleton and
local-visual streams use objects, they yield an object-level
anomaly score, whereas the global-visual stream, which
uses video frames, yields a frame-level anomaly score.
To obtain the final anomaly score, the highest object-level
anomaly score among multiple objects is assigned to the
corresponding frame. The total anomaly score of each
frame is then calculated as follows:

Scoretot = α∗Scoreskl+β∗Scoreloc+γ∗Scoreglo (15)

Here, α, β, and γ ∈ [0, 1] denote hyperparameters that
set the importance of each stream, and they may vary
slightly depending on the proportion of anomaly types in
the dataset. Following [39], we apply a temporal one-
dimensional Gaussian filter to smooth the values.

4. Experiments
4.1. Experimental setup
We evaluated the proposed model on three public bench-
marks: ShanghaiTech (ShT) [25], UBnormal (UB) [1], and
NWPUCampus (NWPU) [5]. Based on the OCC setting,
only normal data were used for training, whereas both nor-
mal and abnormal data were used for testing.
ShT. This dataset consists of 330 training videos and 107
test videos, containing 13 different scenes. Anomalous
events include appearance-related anomalies, such as bicy-
cles and cars, and human-related anomalies, such as throw-
ing bags and running.
UB. This dataset comprises 543 synthetic videos across 29
different scenes. It contains human-related anomalies, such

as hitting, running, and jumping, and non-object anomalies,
such as fire and smoke.
NWPU. This dataset is the largest and comprises 305 train-
ing videos and 242 test videos across 43 different scenes. In
addition to human- and appearance-related anomalies, it in-
cludes scene-dependent anomalies, such as walking on the
sidewalk (normal) and walking on the road (abnormal).
Metrics. We used the micro- and macro-averaged AUC
scores as metrics, following previous studies [30, 35, 39,
46]. The micro- and macro-AUC metrics are among the
most commonly used evaluation metrics in the VAD task,
and higher values indicate better discrimination between
normal and abnormal events. Micro-AUC calculates the
AUC score across the entire video set, whereas macro-AUC
calculates the AUC score for each video individually and
averages these values across all videos.

4.2. Implementation details
We used Yolov5 [47], Bytetrack [48], and AlphaPose [12]
as the object detector, multi-object tracker, and pose extrac-
tor, respectively. CLIP(ViT-B/32) [33] was employed as the
visual encoder, and the output of the last layer of CLIP was
used as the visual feature, where Dvis was 512. During the
preprocessing process, the scale of all frames or objects was
set to 224 × 224. For the local- and global-visual streams,
T was set to 8, and for the skeleton stream, T was set to 24
for the ShT and NWPU, and 16 for the UB. In the loss of
the skeleton stream, λ was set to 0.5. To train the model,
we used AdamW with a learning rate of 3e-4 and a batch
size of 16 . The number of epochs was set to 200 across all
datasets. The α, β, and γ used for the total anomaly score
were set differently for each dataset, because the types of
anomalies included varied across datasets. For ShT, UB,
and NWPU, we used (1.0, 0.1, 0.01), (1.0, 0.01, 0.01), and
(1.0, 1.0, 1.0), respectively.

4.3. Comparison with SOTA methods
We present the performance of UniVAD on three public
benchmarks and compare it with previous SOTA methods
in terms of micro- and macro-AUC in Tab. 1. Object-
centric methods tend to outperform frame-centric meth-
ods. Among various object-centric approaches, some [1,
5, 15, 16, 27, 34, 35, 46] enhance performance by using
a multitask model (masked with ▽ in Tab. 1) or scene-
conditioned model(masked with △ in Tab. 1) as the back-
bone or by training with a virtual dataset (masked with ∗
in Tab. 1). Since the ratio of anomaly types varies slightly
across datasets, we implemented two versions of UniVAD:
one with tuned values of α, β, and γ for each dataset, and
the other using fixed values of 1.0, 0.1, and 0.1, respectively.
We achieved higher performance than both frame-centric
and object-centric methods without using these techniques.
Results on ShT. The proposed method achieved micro-
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pe Method Venue ShT UB NWPU

Micro Macro Micro Macro Micro Macro

fr
am

e-
ce

nt
ri

c
Liu et al[25] CVPR18 72.8 80.6 - - 57.9 60.2

Sultani et al[37] CVPR18 - 76.5 50.3 76.8 - -
Gong et al[17] CVPR19 71.2 - - - 61.9 62.5
Park et al[32] CVPR20 68.3 79.7 56.6 - 62.5 63.6

Bertasius et al[4] ICML21 - - 68.5 80.3 - -
Lv et al[28] CVPR21 73.8 - - - 64.4 -

Wang et al[40] TNNLS22 76.6 - - - 61.9 64.2
Yan et al[41] ICCV23 78.6 - 62.7 - - -

Ristea et al[35]∗ CVPR24 79.1 84.7 58.5 81.4 - -
Micorek et al[30] CVPR24 81.3 85.9 72.8 85.5 - -

Yang et al[42] ECCV24 85.2 - 71.9 - - -

ob
je

ct
-c

en
tr

ic

Ionescu et al[22] CVPR19 78.7 84.9 - - 59.3 63.4
Liu et al[26] ICCV21 74.2 83.2 - - 63.7 -

Georgescu et al[15]∗ CVPR21 82.4 89.3 55.4 84.5 - -
Georgescu et al[16]∗ TPAMI21 82.7 89.3 61.3 85.6 - -
Georgescu et al[16]◦∗ CVPR22 83.6 89.5 - - - -

Hirschorn et al[20] ICCV23 85.9 - 71.8 - - -
Liu et al[27]▽∗ CVPR23 85.0 91.4 - - - -
Cao et al[5]△ CVPR23 79.2 - - - 68.2 -

Barbalau et al[3] CVIU23 83.8 90.5 62.1 86.5 - -
Micorek et al[30] CVPR24 86.7 91.5 - - - -
Zhang et al[46] CVPR24 85.1 89.8 - - 67.3 70.9

Zhang et al[46]▽∗ CVPR24 87.5 93.0 - - - -
Zhang et al[46]△ CVPR24 - - - - 70.1 72.2

Ours - 89.3 91.5 79.3 90.1 72.2 87.6
Ours† - 89.5 91.6 82.7 91.4 73.4 87.5

Table 1. Comparison wtih SOTA methods of the micro and macro AUC(%) on ShanghaiTech, UBnoraml and NWPUCampus datasets. The
best-performing results are highlighted in bold, and the second-best results are underlined. ▽: Methods apply virtual dataset for training.
∗: Methods utilize multi-task model ([15] or [16]) as backbone. △: Methods utilize scene-conditioned model [5] as backbone. ◦: Methods
utilize SSPCAB block [34]. †: tunning α, β, and γ for each dataset.

and macro-AUC scores of 89.5% and 91.6% on the Shang-
haiTech dataset, respectively, showing a 2.0% improvement
in micro AUC compared to the results of Zhang et al. [46],
even without using a virtual dataset or a multi-task model.

Results on UB. The proposed method achieved micro- and
macro-AUC scores 82.7% and 91.4% on the UBnormal
dataset. These scores represent 9.9% and 4.9% improve-
ments in the micro- and macro-AUC, respectively, com-
pared to the other SOTA methods. This significant margin
indicates that the proposed method is particularly effective
on the UBnormal dataset.

Results on NWPU. The proposed method achieved micro-
and marco-AUC scores of 73.4% and 87.5% on the NW-
PUCampus dataset, respectively. Compared to the results
of Zhang et al. [46], the proposed method surpasses their
micro-AUC by more than 3.3% and their macro-AUC by
15.3%, even without relying on a scene-conditioned model.

4.4. Visual results

Fig. 3 illustrates examples where UniVAD detects all types
of anomalies (human, appearance, and non-object) more
effectively than frame-centric MNAD [32] and the object-
centric STG-NF [20]. In Fig. 3 (a), the scene includes a
non-object anomaly (fire) and a human anomaly (a person
collapsing). MNAD detected both human and non-object
anomalies but assigned high scores to normal events as well,
resulting in a micro-AUC score of 25.5%. STG-NF effec-
tively distinguished normal and abnormal human anomalies
but failed to detect non-object anomalies, achieving only
a micro-AUC score of 73.0%. In contrast, UniVAD sepa-
rated normal and abnormal instances for both human and
non-object anomalies, achieving the highest micro-AUC
score of 100.0%. In Fig. 3 (b), the scene includes a hu-
man anomaly involving group bullying and an appearance
anomaly of a bicycle passing on a pedestrian path. MNAD
successfully detected the human and appearance anomalies



Figure 3. Comparisons of anomaly detection results for various types of anomalies across different methods. (a) Concatenate the video
containing non-object anomalies with the video containing human anomalies in the UB dataset. (b) Concatenate the video containing
appearance anomalies with the video containing human anomalies in the ShT dataset. Metric is micro AUC. From top to bottom: anomaly
type, result of MNAD [32] (frame-centric method), result of STG-NF [20] (object-centric method) and result of ours.

Figure 4. Visualization of anomaly scores from three streams for
various types of anomalies. The example shows a concatenation
of a video containing a theft with that of a car driving in the ShT.

but also assigned high scores to normal events, resulting
in a micro-AUC score of 85.3%. STG-NF effectively dis-
tinguished normal and abnormal appearance anomalies but
failed to separate normal and abnormal human anomalies,
which require global information, resulting in a micro-AUC
score of 91.9%. In contrast, UniVAD accurately distin-
guished normal and abnormal instances for both human and
appearance anomalies, achieving the highest micro-AUC
score of 99.1%.

Fig. 4 visualizes anomaly scores for normal and abnor-

mal samples across each stream. This video frame includes
a human anomaly of someone stealing a bag and an appear-
ance anomaly of a car passing over a pedestrian path. In
the global-visual stream, a low anomaly score of 0.2 was
assigned to the human anomaly frame, where the anomaly
area was small, whereas a high anomaly score of 1.0 was
assigned to the appearance anomaly frame with a larger
anomaly area. The local-visual stream generally assigned
high scores to anomalous samples but failed to completely
suppress the anomaly scores of the normal samples. The
skeleton stream successfully distinguished running anoma-
lous samples from walking normal samples but failed to de-
tect the car, which is an appearance anomaly. Therefore,
utilizing all three streams is effective for detecting various
types of anomalies.

4.5. Ablation study

Effect of the three streams. The VAD datasets contain
various types of anomalies with different proportions for
each type, which leads to performance differences among
the three streams. As shown in Tab. 2, the ShT dataset has
a higher proportion of human and appearance anomalies,
which results in the largest performance improvement of
4.5% when the local-visual stream is added to the skeleton
stream. In contrast, on the UB dataset, which has a higher
proportion of human and non-object anomalies, adding the
global stream to the skeleton stream led to the largest perfor-
mance increase of 1.5%. Finally, NWPU is a large dataset
composed of scene-dependent anomalies, where the skele-
ton stream, which does not account for the scene context,



Skeleton Local Global
ShT UB NWPU

stream stream stream

✓ 85.2 81.2 65.1
✓ 85.9 63.7 68.8

✓ 67.3 62.0 69.2
✓ ✓ 89.4 81.8 69.7
✓ ✓ 86.2 82.7 72.6

✓ ✓ 86.0 63.8 72.3
✓ ✓ ✓ 89.5 82.7 73.4

Table 2. Ablation experiments of the three streams in terms of the
micro-AUC (%) on the ShT, UB, and NWPU datasets.

exhibited the lowest performance, whereas the global-visual
stream, which considers the overall scene, achieved the
highest performance. Nevertheless, the combination of the
three streams resulted in the largest improvement of 8.3%.
Effect of the FFPP task. Tab. 3 presents the results of the
ablation study conducted on the ShT and UB datasets to
demonstrate that the proposed FFPP task effectively sup-
presses the generalization capability of AEs compared to
other tasks. Rec reconstructs all features from past to future
using them as input, whereas FP predicts future features by
taking all features from past to present as input. BiP predicts
the entire features by taking both past and future features
as input, whereas the proposed FFPP task predicts past,
present and future features based on the present feature. The
FFPP task achieved a performance improvement of 0.8%-
9.4% across all streams compared to the other tasks. This
effect was particularly pronounced in the skeleton and local-
visual streams, as they are object-related tasks.
Effect of skeletal losses. In Tab. 4, we analyze the im-
pact of the loss function on training the skeleton stream
through an ablation study on the ShT, UB, and NWPU
datasets. STL resulted in a 0.2%-1.1% higher micro-AUC
performance than SSL, indicating that learning temporal re-
lationships is more important than learning spatial relation-
ships for anomaly detection. The highest performance was
achieved when both losses were used together.

5. Discussion
5.1. Limitation
The proposed UniVAD model has two main limitations.
First, similar to most prior VAD methods, our model re-
lies on several pretrained models, such as the object detec-
tor, visual encoder, and pose extractor. This dependency
means that performance may vary depending on the pre-
trained models, which could lead to potential failures in spe-
cific domains. However, we believe this issue can be further
addressed, and our work paves the way for future advance-

Task
Skeleton Local Global

ShT UB ShT UB ShT UB

Rec 82.3 71.8 83.2 58.3 62.3 61.2
FP 77.3 75.5 83.5 58.6 65.7 61.5
BiP 77.1 75.5 84.1 59.4 65.8 61.7

FFPP 85.2 81.2 85.9 63.7 67.3 62.0

Table 3. Ablation experiments on the contributions of each proxy
task in the three streams. We report the micro-AUC (%) for the
ShT and UB datasets. “Rec”, “FP”, “BiP” and “FFPP” represent
feature reconstruction, future prediction, bidirectional prediction,
and future past prediction, respectively.

SSL STL ShT UB NWPU

✓ 83.7 79.1 64.6
✓ 84.8 80.1 64.8

✓ ✓ 85.2 81.2 65.1

Table 4. Ablation experiments of SSL and STL in terms of the
micro-AUC (%) on the ShT, UB, and NWPU datasets.

ments in VAD. Second, UniVAD comprises three streams
requiring the adjustment of many hyperparameters during
model optimization. Although the training process is cum-
bersome, it has a lower optimization difficulty compared to
existing methods that train multiple models end-to-end, en-
suring higher performance.

5.2. Conclusion
We have proposed the UniVAD model, which effectively
detects all anomaly types. UniVAD comprised the skele-
ton stream for detecting human anomalies, the local-visual
stream for detecting appearance anomalies, and the global-
visual stream for detecting non-object anomalies. In addi-
tion, we introduced the FFPP task, which uses present fea-
ture to predict both past and future features to suppress the
generalization ability of AEs in each stream. This task is
applied to all streams, thereby preventing the reconstruc-
tion of anomalies and enabling accurate anomaly detection.
Furthermore, in the skeleton stream, we proposed SSL and
STL loss functions for the temporal and spatial modeling
of skeletons, respectively. Extensive experiments on three
public VAD datasets demonstrated that UniVAD outper-
forms existing methods, thereby proving its effectiveness
in anomaly detection.
Acknowledgments. This work was supported by the Na-
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Supplementary Material

In this supplement, we provide the followings:

• Experiment 6 for effect of the prediction in visual
streams.

• Experiment 7 for effect of the time T of objects or frames.
• Experiment 8 for effect of α, β, and γ in inference.
• More visual results 9 for skeleton, local-visual, and

global-visual streams.
• Experiment 10 for visual feature extractors.
• Running time of UniVAD 11.

6. Different combinations of hyperparmeters

Since the types of anomalies vary across datasets, we exper-
iment with different combinations of α, β, and γ to find the
optimal hyperparameters, as shown in Tab. Tab. 5. Over-
all, due to the high rate of human anomalies in all datasets,
setting α to 1.00 (IDs 0-9) yields better performance across
all datasets compared to other settings (IDs 10-21). In the
NWPU dataset, where capturing scene-dependency is cru-
cial, ID 0 demonstrates significant improvements over IDs
1-2. In the ShT dataset, which contains numerous human
anomalies and a few appearance anomalies, ID 5 outper-
forms IDs 2 and 8 significantly. Similarly, in the UB dataset,
which includes numerous human anomalies and few nonob-
ject and appearance anomalies, ID 8 achieves significant
gains compared to IDs 6-7.

7. Effect of the prediction in visual streams

Tab. 6 shows the results of the ablation study conducted
on the ShT and UB datasets to demonstrate that predicting
past, present, and future features effectively improves per-
formance for visual streams compared to predicting other
features. Predicting key frame features (past, present, and
future) efficiently trains the model better than predicting all
features, resulting in improved detection performance.

8. Effect of the time of objects or frames

In Tab. 7, we conduct an ablation study on the ShT and
UB datasets to analyze the impact of the time of objects
or frames on detection performance. In general, as the time
T increases, prediction becomes more challenging, leading
to decreased performance. In the skeleton stream, the op-
timal T values are 24 and 16 for the ShT and UB datasets,
respectively. In the local-visual and global-visual streams,
the optimal T value is 8 for both the ShT and UB datasets.

ID α β γ ShT UB NWPU
0 1.00 1.00 1.00 86.3 70.1 73.4
1 1.00 1.00 0.10 88.5 69.3 71.3
2 1.00 1.00 0.01 88.4 68.7 70.2
3 1.00 0.10 1.00 78.8 71.3 72.2
4 1.00 0.10 0.10 89.3 79.3 72.2
5 1.00 0.10 0.01 89.5 78.6 69.5
6 1.00 0.01 1.00 75.9 71.1 71.9
7 1.00 0.01 0.10 86.6 81.6 71.6
8 1.00 0.01 0.01 86.7 82.7 69.0
9 1.00 0.00 0.00 85.2 81.2 65.1
10 0.10 1.00 1.00 84.4 66.7 72.5
11 0.10 1.00 0.10 86.5 65.2 70.7
12 0.10 1.00 0.01 86.3 64.4 69.5
13 0.10 0.10 1.00 73.3 64.6 70.4
14 0.10 0.01 1.00 69.1 63.7 69.8
15 0.01 1.00 1.00 84.1 66.3 72.3
16 0.01 1.00 0.10 86.1 64.6 70.5
17 0.01 1.00 0.01 85.9 63.9 69.3
18 0.01 0.10 1.00 72.5 63.4 70.1
19 0.01 0.01 1.00 68.1 62.4 69.3
20 0.00 1.00 0.00 85.9 63.7 68.8
21 0.00 0.00 1.00 67.3 62.0 69.2

Table 5. Ablation experiments of the hyperparameters α, β, and γ
in terms of micro-AUC (%) on the ShT, UB, and NWPU datasets.
α, β, and γ are chosen from the set [1.00, 0.10, 0.01, 0.00].

9. Visual results for three streams

Fig. 5 presents the results of anomaly detection by the
skeleton, local-visual, and global-visual streams for vari-
ous types of anomalies. In Fig. 5 (a), since the anomaly
is a human anomaly involving running in a place where
running is not allowed, the skeleton stream performs bet-
ter than local-visual, global-visual stream. In Fig. 5 (b),
since the anomaly is a combination of a human anomaly (a
person riding a bike) and an appearance anomaly (the bike),
the skeleton and local-visual stream perform good perfor-
mance. In Fig. 5 (c), the anomaly is a nonobject anomaly
involving smoke caused by a car accident. The skeleton
and local-visual streams fail to detect the anomaly, while
the global-visual stream successfully detects it.



Figure 5. Comparisons of anomaly detection results for various types of anomalies across three streams. (a) The video containing human
anomalies in the UB dataset. (b) The video containing appearance anomalies in the ShT dataset. (c) The video containing nonobject
anomalies in the UB dataset. The metric used is micro-AUC. From top to bottom: results from the skeleton stream, results from the
local-visual stream, and results from the global-visual stream.

Prediction
Local Global

ShT UB ShT UB

All features 82.8 62.4 52.6 58.5
Present features 83.2 58.3 62.3 61.2

Future, Past features 84.8 63.0 65.3 61.5
Future, Present, Past features 85.9 63.7 67.3 62.0

Table 6. Ablation experiments on the prediction of features in
visual streams. We report the micro-AUC (%) for the ShT and
UB datasets. Here, “All features” refers to predicting T features
from past to future, “Present features” refers to predicting only the
present features, “Future, Past features” refers to predicting both
past and future features, and “Future, Present, Past features” refers
to predicting past, present and future features.

T
Skeleton Local Global

ShT UB ShT UB ShT UB

8 78.5 79.2 85.9 63.7 67.3 62.0
16 84.6 81.2 83.8 62.9 64.6 61.6
24 85.2 79.9 83.0 62.2 61.2 60.7
32 84.2 78.5 82.6 61.8 59.7 60.0

Table 7. Ablation experiments on the time T of the sequence of
objects or frames in the three streams. We report the micro-AUC
(%) for the ShT and UB datasets.

10. The choice of feature extractors
In Tab. 8 and Tab. 9, we compare the performance of local-,
global- stream and UniVAD used with different image fea-
ture extractors. We observe, that CLIP(ViT-L-14) mostly
outperforms CLIP(ViT-B-32) in experiments, but runs con-
siderably slower. Among various CLIP versions, we se-
lected CLIP (ViT-B/32) due to its favorable trade-off be-
tween computational efficiency and accuracy.

11. Running time
We conducted all our experiments on an NVIDIA RTX
3090 GPU. The object detection and tracker take approx-
imately 39 milliseconds (ms) per frame. The pose extractor
takes approximately 19 ms, and the visual encoder takes ap-
proximately 2.5 ms. Computing skeleton data, local-visual
features, and global-visual features across all streams takes
approximately 0.02 ms. UniVAD runs at 16.5 FPS with an
average of 5 objects per frame.



Backbone
Local stream Global stream UniVAD

ShT UB NWPU ShT UB NWPU ShT UB NWPU

CLIP(Resnet-50) 76.8 62.7 67.9 67.8 60.9 68.0 85.7 78.3 70.6
CLIP(Resnet-101) 81.9 64.9 67.0 68.4 59.1 66.7 87.7 78.0 69.2
CLIP(ViT-B/32) 85.9 63.7 68.8 67.3 62.0 69.2 89.3 79.3 72.2
CLIP(ViT-B/16) 85.1 65.8 64.0 66.5 60.6 67.7 88.7 78.7 69.8
CLIP(ViT-L/14) 87.4 67.3 67.2 70.6 63.7 69.5 89.4 80.8 71.4

Table 8. Micro AUC-ROC (%) comparison. For each stream feature representation CLIP(ViT-B/32), CLIP(ViT-B/16), CLIP(ViT-L/14),
CLIP(Resnet-50), and CLIP(Resnet-101), we mark the best scores bold.

Backbone
Local stream Global stream UniVAD

ShT UB NWPU ShT UB NWPU ShT UB NWPU

Clip(Resnet-50) 84.4 83.7 83.2 74.0 78.9 83.7 90.3 90.1 87.4
Clip(Resnet-101) 86.1 84.8 83.4 75.9 78.4 83.4 90.9 90.3 87.5
Clip(ViT-B/32) 86.8 84.8 83.8 75.1 80.0 83.6 91.5 90.1 87.6
Clip(ViT-B/16) 87.6 85.6 84.6 74.8 79.4 84.2 91.2 90.0 88.5
Clip(ViT-L/14) 89.2 85.2 85.0 75.1 82.2 84.5 91.6 91.4 88.7

Table 9. Macro AUC-ROC (%) comparison. For each stream feature representation CLIP(ViT-B/32), CLIP(ViT-B/16), CLIP(ViT-L/14),
CLIP(Resnet-50), and CLIP(Resnet-101), we mark the best scores bold.
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