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Abstract

Multiple-instance learning (MIL) provides an effective
way to tackle the video anomaly detection problem by mod-
eling it as a weakly supervised problem as the labels are
usually only available at the video level while missing for
frames due to expensive labeling cost. We propose to con-
duct novel Bayesian non-parametric submodular video par-
tition (BN-SVP) to significantly improve MIL model training
that can offer a highly reliable solution for robust anomaly
detection in practical settings that include outlier segments
or multiple types of abnormal events. BN-SVP essentially
performs dynamic non-parametric hierarchical clustering
with an enhanced self-transition that groups segments in a
video into temporally consistent and semantically coherent
hidden states that can be naturally interpreted as scenes.
Each segment is assumed to be generated through a non-
parametric mixture process that allows variations of seg-
ments within the same scenes to accommodate the dynamic
and noisy nature of many real-world surveillance videos.
The scene and mixture component assignment of BN-SVP
also induces a pairwise similarity among segments, result-
ing in non-parametric construction of a submodular set
function. Integrating this function with an MIL loss effec-
tively exposes the model to a diverse set of potentially posi-
tive instances to improve its training. A greedy algorithm is
developed to optimize the submodular function and support
efficient model training. Our theoretical analysis ensures a
strong performance guarantee of the proposed algorithm.
The effectiveness of the proposed approach is demonstrated
over multiple real-world anomaly video datasets with ro-
bust detection performance.

1. Introduction
Anomaly detection from videos poses fundamental chal-

lenges as abnormal activities are usually rare, complicated,
and unbounded in nature [15]. Furthermore, segment or
frame labels are typically unavailable due to high labeling
cost and therefore, the detection models have to rely on the
weak video level labels [19]. There are two main streams

of work to handle the challenging anomaly detection task.
The first stream treats anomaly detection as an unsuper-
vised learning problem [21]. It assumes that an event is
considered to be abnormal if it deviates significantly from
a predefined set of normal events included in the training
data [2, 24, 26]. However, a model trained on limited nor-
mal data is likely to capture only specific characteristics
present in the training dataset, and therefore, testing nor-
mal events deviating significantly from the training normal
events will lead to a high false alarm rate [27]. The sec-
ond stream of research has attempted to address the limita-
tion by formulating the problem as multiple instance learn-
ing (MIL) that models each video as a bag and its seg-
ments (or frames) as instances within the bag [19]. The
goal is to learn a model that can effectively make frame-
level anomaly predictions relying on the video-level labels
during the training process. One effective MIL learning ob-
jective is to maximize the gap between two instances having
the respective highest anomaly scores from a pair of posi-
tive and negative bags. The maximum score based MIL (re-
ferred as MMIL) model outperformed the unsupervised ap-
proaches and achieved promising performance in real-world
long surveillance videos [19].

However, there are two key limitations with the MMIL
model. First, the presence of noisy outliers (different from
other normal events) in both abnormal and normal videos
may significantly impact the overall model performance.
This is because the objective function solely focuses on the
individual segments from both positive and negative bags,
making the training process sensitive to noises. Figure 1 (a-
b) shows the example normal frames that are significantly
different from other normal ones in real-world surveillance
videos. The first frame is from the burglary video that looks
similar to an abnormal frame from a video with an arson
event. The second frame is from the shooting video that
looks similar to a fighting frame. Hence, they may serve as
outliers in the corresponding videos.

Second, if multiple types of abnormal events (referred
to as multi-modal anomaly) present in a single abnormal
video, MMIL may only detect one type of anomaly while
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(a) Burglary (Outlier 1) (b) Walking (Outlier 2) (c) Running (Modality 1) (d) Loitering (Modality 2) (e) Walking (Modality 3)

Figure 1. Examples of outlier (a-b) and multimodal frames (c-e) from the Avenue dataset
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Figure 2. Highly fluctuating detection performance w.r.t. k

missing other important ones due to the limitation of the ob-
jective function. Figure 1 (c)-(e) demonstrate three frames
with different anomaly types from an example video in the
Avenue dataset [16]. In Figure 1 (c), the person is running,
which is regarded as a strange action in that context [16].
In (b), it shows a person waiting in a place holding some
object in the hand, and (c) involves a person walking in the
wrong direction. Therefore, the single video has multiple
anomaly frames leading to a multimodal scenario.

Top-k ranking loss has been adopted in an attempt to ad-
dress the issues as outlined above. It maximizes the gap be-
tween the mean score of the top-k predicted instances from
a positive bag and that of a negative one [18, 22]. However,
there are inherent limitations by using a top-k loss. First, it
tends to be extremely sensitive to the selected k value. Fig-
ure 2 shows the highly fluctuating detection performance
from two real-world surveillance video datasets. Since there
is no frame (or segment) labels available during model train-
ing, setting an optimal k through cross-validation is infeasi-
ble or highly costly. Furthermore, given the diverse videos,
the number of abnormal instances may vary significantly
from one video to another implying we should have a dif-
ferent k for each video. Hence, applying the same k to all
videos as in the existing approaches fails to capture the na-
ture of the data. Another serious but more subtle issue is that
all (or most of) the selected k segments may come from the
same sub-sequence of the video. Using a consecutive set of
visually similar segments is less effective for model train-
ing, making it more likely to suffer from outlier and mul-
timodal scenarios. As a result, top-k approaches will fall
short in providing a reliable detection performance in most
practical settings as evidenced by our experiments.

To address the fundamental limitations of existing solu-
tions, we propose novel Bayesian non-parametric construc-
tion of a submodular set function, which is integrated with
multiple instance learning to deliver robust video anomaly
detection performance under practical settings. Instead
of choosing a set of instances with the highest predic-

tion scores that are likely from a consecutive sub-sequence,
maximizing a specially designed submodular function can
involve a more diverse set of instances and expose the
model to all potentially abnormal segments for more ef-
fective model training. Furthermore, the submodular set
function is constructed in a non-parametric way, which in-
duces a pairwise similarity among different segments in a
video based on the diverse nature of the data. More specif-
ically, an infinite Hidden Markov Model with a Hierarchi-
cal Dirichlet prior (HDP-HMM) [20] augmented with an
enhanced self-transition is employed to partition a video
through dynamic non-parametric clustering of its segments.
To more effectively accommodate the dynamic and noisy
nature of real-world surveillance videos, the emission pro-
cess of the HMM is also governed by a non-parametric
mixture model to allow segments within the same hidden
state to have visual and spatial variations. This unique de-
sign is instrumental to discover temporally consistent and
semantically coherent hidden states that can be naturally
interpreted as scenes. Pairwise similarity among different
segments is defined according to the state-component struc-
ture, which leads to the construction of a submodular set
function. We then develop a novel submodularity diversi-
fied MIL loss function to ensure robust anomaly detection
from real-world surveillance videos with outlier and multi-
modal scenarios. Our key contributions include:

• Formulation of a novel submodularity diversified MIL
loss that simultaneously extracts a diverse set of poten-
tially positive instances while maximizing the gap be-
tween the mean score of these instances from a positive
bag and a negative one, respectively.

• Bayesian non-parametric construction of the submod-
ular set function that infers the diversity from the video
data to induce a pairwise similarity among different seg-
ments in a video and provide an upper bound on the size
of the diverse set.

• A greedy algorithm that leverages the state-component
hierarchical structure resulting from the non-parametric
construction for submodular set function optimization
and efficient model training.

• Theoretical results to ensure strong performance guar-
antee of the greedy algorithm.

The proposed approach achieves the state-of-the-art robust
anomaly detection performance on real-world surveillance
videos with noisy and multimodal scenarios.
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2. R el at e d W o r k
E n c o di n g a n d s p ars e r e c o nstr u cti o n- b as e d a p pr o a c h es

h a v e b e e n e m pl o y e d f or a n o m al y d et e cti o n, ass u mi n g t h at
a b n or m al e v e nts ar e r ar e a n d d e vi at e fr o m n or m al p att er ns.
T h e y ai m t o c a pt ur e t h e n or m al p att er ns usi n g m o d els, s u c h
as G a ussi a n pr o c ess es ( G Ps) [ 1 2 ] a n d H M Ms [9 ], t o i d e n-
tif y a n o m ali es as o utli ers b as e d o n t h e r e c o nstr u cti o n l oss.
S p ars e r e pr es e nt ati o n- b as e d a p pr o a c h es c o nstr u ct a di cti o-
n ar y f or n or m al e v e nts a n d i d e ntif y t h e e v e nts wit h t h e hi g h
r e c o nstr u cti o n err or as a n o m ali es [1 6 ]. R e c e nt a p pr o a c h es
c o nsi d er b ot h a b n or m al a n d n or m al e v e nts i n t h e tr ai ni n g
pr o c ess. F or vi d e o a n o m al y d et e cti o n, si n c e o nl y vi d e o-
l e v el l a b els ar e ass u m e d t o b e a v ail a bl e d uri n g m o d el tr ai n-
i n g [6 ], MI L off ers a n at ur al s ol uti o n b y m o d eli n g e a c h
vi d e o as a b a g a n d t h e ass o ci at e d s e g m e nts (fr a m es) as i n-
st a n c es of t h e b a g. S ult a ni et al. pr o p os e d a n MI L b as e d
a p pr o a c h t h at e n a bl es t o m a xi mi z e t h e g a p b et w e e n hi g h-
est pr e di cti o n s c or es fr o m a p ositi v e a n d n e g ati v e b a gs, r e-
s p e cti v el y [ 1 9 ] . H o w e v er, t his m a xi m u m s c or e b as e d MI L
m o d el ( i. e., M MI L) is i ns uf fi ci e nt t o h a n dl e o utli er a n d m ul-
ti m o d al s c e n ari os as dis c uss e d e arli er.

T o p- k r a n ki n g l oss b as e d MI L m o d els h a v e b e e n d e v el-
o p e d t o a d dr ess t h e li mit ati o ns of t h e M MI L m o d el [ 1 8 ,2 2 ].
T h es e m o d els pr o d u c e st at e- of-t h e- art d et e cti o n p erf or-
m a n c e gi v e n t h at a s uit a bl e k v al u e c a n b e assi g n e d i n a d-
v a n c e. H o w e v er, as d e m o nstr at e d e arli er, t h e d et e cti o n p er-
f or m a n c e of s u c h m o d els is hi g hl y s e nsiti v e t o t h e c h os e n
k v al u e. M e a n w hil e, gi v e n t h e di v ers e n at ur e of vi d e os, a p-
pl yi n g t h e s a m e k v al u e t o all t h e vi d e os is s u b- o pti m al.
M or e i m p ort a ntl y, si n c e i nst a n c e l e v el l a b els ar e n ot a v ail-
a bl e d uri n g tr ai ni n g ti m e, c h o osi n g a si n gl e k v al u e t hr o u g h
cr oss- v ali d ati o n is i nf e asi bl e or i n c urs a hi g h a n n ot ati o n
c ost. Distri b uti o n all y R o b ust O pti mi z ati o n ( D R O) h as b e e n
us e d t o c o n v ert t h e t o p- k s et i nt o a n u n c ert ai nt y s et t h at al-
l o ws t h e m o d el t o f o c us o n i nst a n c es i n pr o p orti o n t o t h eir
pr e di cti o n s c or es [ 1 8 ]. T his is e q ui v al e nt t o assi g ni n g s oft
m e m b ers hi p t o i n v ol v e i nst a n c es i nt o t h e MI L l oss f u n cti o n.
H o w e v er, t h e si z e of t h e u n c ert ai nt y s et is c o ntr oll e d b y t h e
r a di us (i. e., η ) of t h e u n c ert ai nt y b all, w hi c h n e e ds t o b e
m a n u all y s et. F urt h er m or e, t h e m o d el m a y p ut m or e f o c us
o n a s et of c o ns e c uti v e s e g m e nts wit h t h e hi g h est pr e di cti o n
s c or es a n d i g n or e s o m e ot h er p ot e nti all y p ositi v e s e g m e nts.

T h e pr o p os e d a p pr o a c h c o nstr u cts a n o v el s u b m o d ul ar
s et f u n cti o n i n a n o n- p ar a m etri c w a y b y i nf erri n g t h e di v er-
sit y fr o m d at a a ut o m ati c all y. B y j oi ntl y o pti mi zi n g t h e s u b-
m o d ul ar f u n cti o n a n d t h e MI L l oss, it a ut o m ati c all y c h o os es
a di v ers e s et of s e g m e nts a n d l ets t h e m o d el b ett er diff er e n-
ti at e t h es e ( p ot e nti all y p ositi v e) s e g m e nts fr o m t h os e of a
n e g ati v e b a g t o e ns ur e g o o d d et e cti o n p erf or m a n c e.

3. M et h o d ol o g y

F oll o wi n g t h e st a n d ar d MI L ass u m pti o n, w e c o nsi d er,
f or a p ositi v e b a g, t h er e is at l e ast o n e a b n or m al s e g m e nt
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Fi g ur e 3. O ut p ut of t h e t o p- k b as e d a p pr o a c h i n a vi d e o fr o m
A v e n u e d at as e ( missi n g s o m e of t h e a b n or m al s e g m e nts i n t o p- k ).

w h er e as, f or a n e g ati v e b a g all s e g m e nts ar e of n or m al
t y p es. Ta bl e 3 i n t h e A p p e n di x s u m m ari z es t h e m aj or s y m-
b ols a n d t h eir d es cri pti o ns.

3. 1. P r eli mi n a ri es

L et x +
i b e t h e it h s e g m e nt i n t h e p ositi v e b a g B p o s a n d

x −
j i n di c at es t h e j t h s e g m e nt i n t h e n e g ati v e b a g B n e g . Als o

c o nsi d er n as t h e t ot al n u m b er of i nst a n c es p er b a g. T h e
m a xi m u m s c or e b as e d MI L ( M MI L) m o d el tri es t o m a xi-
mi z e t h e g a p b et w e e n t h e m a xi m u m pr e di cti o n s c or e fr o m
p ositi v e b a g a n d t h at fr o m t h e n e g ati v e b a g [ 1 9 ]:

L (B p o s , B n e g ) = 1 − m a x
i ∈ B p o s

(f (x +
i )) + m a x

j ∈ B n e g

(f (x −
j ))

+

( 1)
w h er e f (x +

i ) ( or f (x −
j )) is t h e pr e di cti o n s c or e of x +

i ( or

x −
j ) a n d [a ]+ = m a x { 0 , a} . As m e nti o n e d e arli er, M MI L

is l ess eff e cti v e t o h a n dl e o utli er a n d m ulti m o d al s c e n ar-
i os. T h e t o p-k r a n ki n g l oss p arti all y a d dr ess es t h e li mit a-
ti o n of M MI L b y m a xi mi zi n g t h e g a p b et w e e n a n a v er a g e
of k hi g h est s e g m e nt pr e di cti o ns fr o m t h e p ositi v e b a g a n d
m a xi m u m s e g m e nt pr e di cti o n s c or e fr o m a n e g ati v e b a g:

L (B p o s , B n e g ) = 1 −
1

k

k

i = 1

f (x +
[i ]) + m a x

j ∈ B n e g

f (x −
j )

+

( 2)

w h er e t h e p ositi v e b a g s e g m e nt pr e di cti o ns ar e s ort e d i n a
n o n- d e cr e asi n g or d er, i. e., f (x +

[ 1]) ≥ ... ≥ f (x +
[k ]).

T h er e ar e t w o m aj or iss u es ass o ci at e d wit h t h e t o p- k
r a n ki n g l oss. First, c h o osi n g a n o pti m al k v al u e is a k e y
c h all e n g e as t h e n u m b er of a b n or m al i nst a n c es m a y v ar y
si g ni fi c a ntl y fr o m o n e vi d e o t o a n ot h er i m pl yi n g diff er e nt
k v al u e f or e a c h vi d e o. S e c o n d, all t h e s el e ct e d t o p- k i n-
st a n c es m a y c o m e fr o m s a m e s u b-s e q u e n c e of t h e vi d e o.
I n cl u di n g all t h os e vis u all y si mil ar i nst a n c es d o es n ot c o n-
tri b ut e m u c h i n t h e m o d el tr ai ni n g pr o c ess. F urt h er m or e,
c o n c e ntr ati n g o nl y o n a s p e ci fi c s u b-s e q u e n c e m a y m a k e
t h e a p pr o a c h l ess eff e cti v e t o h a n dl e m ulti m o d al a n d o utli er
s c e n ari o. Fi g ur e 3 pr es e nts t h e o ut p ut of t h e t o p- k b as e d
m o d el i n t h e A v e n u e d at as et. It c a n b e s e e n t h at t h e t o p- k
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( a) N or m al ( b) A b n or m al ( c) A b n or m al ( d) N or m al ( e) A b n or m al

Fi g ur e 4. E x a m pl e fr a m es fr o m diff er e nt s c e n es i n a n e x pl osi o n vi d e o fr o m U C F- Cri m e: ( a- b) s c e n e 1, ( c) s c e n e 2, ( d- e) s c e n e 3

b as e d a p pr o a c h pi c ks t h e c o ns e c uti v e vi d e o s e g m e nts w hil e
missi n g q uit e a f e w ot h er a b n or m al fr a m es.

3. 2. B a y esi a n N o n- p a r a m et ri c S u b m o d ul a r S et
F u n cti o n C o nst r u cti o n

T h e pr o p os e d B a y esi a n n o n- p ar a m etri c s u b m o d ul ar
vi d e o p artiti o n ( B N- S V P) a p pr o a c h off ers a n o v el i nt e-
gr at e d s ol uti o n t o a d dr ess t h e a b o v e t w o f u n d a m e nt al c h al-
l e n g es si m ult a n e o usl y. I n p arti c ul ar, si n c e s u b m o d ul ar s et
f u n cti o ns pr o vi d e a n at ur al m e as ur e f or di v ersit y, w e d esi g n
a s p e ci al s u b m o d ul ar s et f u n cti o n t h at e n a bl es dis c o v er y of
a r e pr es e nt ati v e s et of s e g m e nts fr o m a vi d e o. T his a v oi ds
o nl y c h o osi n g vis u all y si mil ar c o ns e c uti v e vi d e o s e g m e nts
li k e i n t h e t o p-k a p pr o a c h, w hi c h e n h a n c es t h e m o d el’s e x-
p os ur e t o p ot e nti al a b n or m al i nst a n c es d uri n g m o d el tr ai n-
i n g. As a r es ult, t h e m o d el’s c a p a bilit y t o h a n dl e m ulti-
m o d al a n d o utli er s c e n ari os c a n b e eff e cti v el y i m pr o v e d.

H o w e v er, m a xi mi zi n g a s u b m o d ul ar s et f u n cti o n still r e-
q uir es t o s p e cif y t h e si z e of t h e s et. As m e nti o n e d a b o v e,
c h o osi n g a s et wit h a n o pti m al si z e i n vi d e o a n o m al y d e-
t e cti o n is hi g hl y c h all e n gi n g. T o t his e n d, w e pr o p os e a
n o v el B a y esi a n n o n- p ar a m etri c c o nstr u cti o n of t h e s u b m o d-
ul ar s et f u n cti o n. T h e n o n- p ar a m etri c c o nstr u cti o n l e v er-
a g es b ot h vis u al f e at ur es of t h e vi d e o s e g m e nts a n d t h eir
t e m p or al cl os e n ess t o d eri v e a si mil arit y m e as ur e t h at al-
l o ws us t o d e fi n e a s u b m o d ul ar s et f u n cti o n F (C + ), w h er e
C + r e pr es e nts a s u bs et of s e g m e nts i n a vi d e o. T h e si z e
of C + is a ut o m ati c all y d et er mi n e d t hr o u g h B a y esi a n n o n-
p ar a m etri c a n al ysis of t h e vi d e o. I nt uiti v el y, m ost vi d e os,
es p e ci all y t h os e wit h a n o m ali es, us u all y c o nsist of m ulti pl e
s c e n es, w h er e e a c h s c e n e is c o m pris e d of a c o ns e c uti v e s et
of vis u all y si mil ar s e g m e nts. Fi g ur e 4 s h o ws t h e e x a m pl e
fr a m es fr o m t hr e e diff er e nt s c e n es i n a vi d e o t h at r e c or ds
a n e x pl osi o n e v e nt. I d e all y, if a vi d e o c o ul d b e p artiti o n e d
b as e d o n t h es e s c e n es, w e c a n c h o os e r e pr es e nt ati v e ( a n d
p ot e nti all y p ositi v e) s e g m e nts fr o m e a c h s c e n e. S u c h i n-
f or m ati o n c a n si g ni fi c a ntl y f a cilit at e t h e o pti mi z ati o n of t h e
s u b m o d ul ar s et f u n cti o n. H o w e v er, b ot h t h e n u m b er a n d t h e
t y p es of t h e s c e n es ar e u n a v ail a bl e d uri n g m o d el tr ai ni n g.

T h e pr o p os e d B N- S V P a d dr ess es t h e a b o v e iss u e
t hr o u g h n o n- p ar a m etri c p artiti o n of a vi d e o. It b uil ds u p o n
a n d e xt e n ds a n H D P- H M M m o d el t h at pl a c es a Hi er ar c hi-
c al Diri c hl et Pr o c ess ( H D P) pri or o n t h e st at e tr a nsiti o n dis-
tri b uti o n of a Hi d d e n M ar k o v M o d el ( H M M) m o d el [2 0 ].
B y usi n g a n H M M t o m o d el a vi d e o ( as a s e q u e n c e of s e g-

m e nts), e a c h dis c o v er e d hi d d e n st at e c a n b e n at ur all y i n-
t er pr et e d as a s c e n e i n t h e vi d e o. T h e H D P pri or all o ws
us t o d et er mi n e t h e o pti m al n u m b er of st at es ( i. e., s c e n es)
a c c or di n g t o t h e n at ur e of t h e d at a. H o w e v er, r e al- w orl d
vi d e os m a y b e hi g hl y n ois y a n d dir e ctl y usi n g a n H D P-
H M M m o d el m a y e xtr a ct t o o m a n y s c e n es wit h l ess si g-
ni fi c a nt vis u al c h ar a ct eristi cs ( e. g ., s p ati al c h a n g es of o b-
j e cts or a d diti o n/r e m o v al of a s m all n u m b er of o bj e cts). T o
a d dr ess t his iss u e, w e f oll o w t h e sti c k y H D P- H M M t o e n-
c o ur a g e a str o n g er s elf-tr a nsiti o n of a st at e [ 4 ]. T his will
r es ult i n t e m p or al p ersist e n c e of st at es t o pr o d u c e l o n g er
a n d s e m a nti c all y c o h er e nt s c e n es. T o f urt h er a c c o m m o d at e
s p ati al c h a n g es or v ari ati o ns i n c ert ai n o bj e cts, w e all o w t h e
e missi o n distri b uti o n t o f oll o w a n ot h er n o n- p ar a m etri c D P
t h at a ut o m ati c all y d et er mi n es t h e n u m b er of mi xt ur e c o m-
p o n e nts ( i. e., s u b-s c e n es) wit hi n t h e s a m e s c e n e. F or e x a m-
pl e, s c e n e 1 i n Fi g ur e 4 is c o m pris e d of t w o s u b-s c e n es: t h e
first wit h a cl e ar s k y a n d t h e s e c o n d wit h s m o k e i n t h e s k y.

M or e s p e ci fi c all y, c o nsi d er a c oll e cti o n of hi d d e n st at es
(i. e. s c e n es i n a vi d e o), t h e tr a nsiti o n pr o b a bilit y of st at e j
t o ot h er st at es is g o v er n e d b y a D P:

G j =
∞

l= 1

π̂ j l δ ϕ̂ j l
, π̂ j ∼ G E M (α ) ( 3)

w h er e G E M (α ) is f or m e d t hr o u g h a sti c k br e a ki n g c o n-

str u cti o n pr o c ess wit h p ar a m et er α [2 0 ], ϕ̂ j l is dr a w n fr o m
a b as e distri b uti o n G 0 , w hi c h f oll o ws a n ot h er D P

G 0 =
∞

k = 1

β k δ ϕ k
, β ∼ G E M (γ ), ϕk ∼ H ( 4)

B e c a us e of t h e dis cr et e n at ur e of G 0 , t h er e c a n b e m ulti-
pl e ϕ̂ j l ’s t a ki n g a n i d e nti c al v al u e of ϕ k . C o nsi d eri n g t h e
u ni q u e s et of at o ms ϕ k , w e c a n r e writ e G j as

G j =
∞

k = 1

π j k δ ϕ k
, π j ∼ D P (α, β ), ϕk ∼ H ( 5)

Gi v e n t h e hi g hl y d y n a mi c a n d n ois y n at ur e of m a n y r e al-
w orl d s ur v eill a n c e vi d e os, dir e ctl y a p pl yi n g t h e st a n d ar d
H D P- H M M m o d el t o p artiti o n a vi d e o m a y r es ult i n m a n y
r e d u n d a nt s c e n es a n d r a pi dl y s wit c h es a m o n g t h e m. T his
is pr o bl e m ati c i n o ur s etti n g i n w hi c h it is criti c al t o i nf er
s e m a nti c all y c o h er e nt s c e n es al o n g wit h a sl o w er tr a nsiti o n
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a m o n g t h e m. As a r es ult, it is ess e nti al t o e ns ur e t e m p o-
r al p ersist e n c e of t h e dis c o v er e d s c e n es [4 ]. T his c a n b e
a c hi e v e d t hr o u g h e n h a n c e d s elf tr a nsiti o ns. I n p arti c ul ar,
t h e tr a nsiti o n pr o b a bilit y of t h e j ’s st at e is a u g m e nt e d b y

π j ∼ D P α + ρ,
α β + ρ δ j

α + ρ
( 6)

T his h as t h e eff e ct of i n cr e asi n g t h e e x p e ct e d pr o b a bilit y of
st a yi n g i n t h e s a m e st at e.

E [π j k |β ] =
α β j + ρ
α + ρ if k = j

α β k

α + ρ , ot h er wis e
( 7)

T o all o w c ert ai n l e v els of v ari ati o ns wit hi n t h e s a m e s c e n e
a n d a c c o m m o d at e t h e hi g hl y d y n a mi c n at ur e of a vi d e o s e-
q u e n c e, w e pr o p os e t o m o d el t h e e missi o n pr o c ess usi n g
a mi xt ur e distri b uti o n g o v er n e d b y a n ot h er n o n- p ar a m etri c
D P. T his d esi g n off ers t hr e e u ni q u e a d v a nt a g es. First, it
f urt h er e ns ur es t h e t e m p or al p ersist e n c e of a s c e n e as f or
a s e g m e nt wit h l ess si g ni fi c a nt vis u al diff er e n c es, it c a n
st a y i n t h e s a m e s c e n e b y s wit c hi n g t o a diff er e nt mi xt ur e
c o m p o n e nt i nst e a d of tr a nsiti o ni n g t o a n ot h er (r e d u n d a nt)
s c e n e. S e c o n d, it off ers a fi n e- gr ai n e d p artiti o n of t h e vi d e o
s e q u e n c e, w hi c h is i nstr u m e nt al t o s e p ar at e a b n or m al s e g-
m e nts ( e. g ., fr a m es ( b) a n d ( e) i n Fi g ur e 4 ) fr o m n or m al
o n es ( e. g ., fr a m es ( a) a n d ( d) i n Fi g ur e 4 ) t h at s h ar e a c o m-
m o n b a c k gr o u n d. L ast, t h e n u m b er of mi xt ur e c o m p o n e nts
is a ut o m ati c all y d et er mi n e d b y t h e D P (e. g ., s c e n es 1 & 3
h a v e t w o mi xt ur e c o m p o n e nts w hil e s c e n e 2 o nl y h as o n e).
F or t h e k -t h s c e n e, t h er e is a n u ni q u e sti c k- br e a ki n g distri-
b uti o n ψ k ∼ G E M (τ ) t h at d e fi n es t h e w ei g hts of t h e mi x-
t ur e c o m p o n e nts wit hi n t h e s c e n e. T h e n, gi v e n t h e s c e n e
a n d mi xt ur e c o m p o n e nt assi g n m e nt (z i = k, s i = t) of a
s e g m e nt x +

i i n a vi d e o, it is dr a w n fr o m a s p e ci fi c m ulti-
v ari at e G a ussi a n: N (µ k, t , Σ k, t ).

P ost eri or i nf er e n c e of t h e a u g m e nt e d H D P- H M M m o d el
wit h a D P mi xt ur e f or e missi o n c a n b e a c hi e v e d t hr o u g h di-
r e ct assi g n m e nt [2 0 ] or bl o c k e d s a m pli n g wit h a n i n cr e asi n g
mi xi n g r at e [ 3 ]. H y p er- p ar a m et ers c a n als o b e i nf err e d b y
pl a ci n g a v a g u e pri or o n t h e m a n d c o n d u ct Gi b bs s a m pli n g.

T h e s c e n e a n d c o m p o n e nt assi g n m e nts of B N- S V P i n-
d u c es a p air wis e si mil arit y a m o n g s e g m e nts i n a vi d e o:

S i, j = ( x +
i ) ⊤ Σ − 1

z i , si x
+
j if s i = = s j ∧ z i = = z j

S i, j = 0 ot h er wis e
( 8)

It is w ort h t o n ot e t h at t h e si mil arit y b et w e e n t w o s e g m e nts
x +

i a n d x +
j is e v al u at e d usi n g t h e l e ar n e d f e at ur e r e pr es e n-

t ati o ns (t hr o u g h a D N N) i nst e a d of t h e r a w f e at ur es. T h e i n-
d u c e d si mil arit y all o ws us t o d e fi n e a s u b m o d ul ar s et f u n c-
ti o n [1 0 ,1 1 ] s u m m ari z e d b y t h e f oll o w pr o p ositi o n.

P r o p ositi o n 1. L et κ d e n ot e t h e n u m b er of u ni q u e mi xt ur e
c o m p o n e nts a cr oss all t h e dis c o v er e d st at es i n a b a g B p o s

a n d C ⊂ B p o s is a s u bs et of B p o s wit h siz e κ . Gi v e n t h e
B N- S V P i n d u c e d p air wis e si mil arit y d e fi n e d i n (8 ), t h e f ol-
l o wi n g f u n cti o n is a s u b m o d ul ar s et f u n cti o n:

F (C ) =
i ∈ B p o s

m a x
j ∈ C

S i, j ( 9)

B as e d o n t h e d e fi niti o n of S i, j as s h o w n a b o v e, it is
str ai g htf or w ar d t o s h o w t h at F (C ) is a s p e ci al i nst a n c e of
t h e l o c ati o n f a cilit y f u n cti o n [1 4 ], w hi c h is s u b m o d ul ar.
Si n c e e a c h mi xt ur e c o m p o n e nt c a pt ur es a u ni q u e s u b-s c e n e,
m a xi mi z ati o n of F (C ) c a n e xtr a ct a di v ers e s et of s e g m e nts
t h at b est r e pr es e nt t h e all t h e s c e n es ( a n d s u b-s c e n es) i n t h e
e ntir e vi d e o. B y f urt h er i nt e gr ati n g t h e m ar gi n l oss gi v e n i n
(2 ), w e a c hi e v e a s u b m o d ul arit y di v ersi fi e d MI L l oss:

mi n
w ,C + ∈ B p o s ,| C + | ≤κ

L (C + ) − λ F (C + ) ( 1 0)

w h er e t h e m ar gi n l oss is d e fi n e d o v er i nst a n c es i n a s et C +

wit h si z e n o l ar g er t h a n κ :

L (C + ) = 1 −
1

| C+ |
i ∈ C +

f (x +
i ) + m a x

j ∈ B n e g

f (x −
j )

+
( 1 1)

I n ess e n c e, C + i n cl u d es t h e s et of i nst a n c es i n a p ositi v e
b a g t h at p arti ci p at e i n t h e m o d el tr ai ni n g. T h e c o nstr ai nt
| C+ | ≤ κ h as t h e eff e ct of e x cl u di n g s o m e r e pr es e nt ati v e
s e g m e nts fr o m t h e m ar gi n l oss as t h es e s e g m e nts ar e l ess
li k el y t o b e a b n or m al (e. g ., wit h a v er y l o w pr e di ct e d s c or e).
I n cl u di n g t h es e s e g m e nts will i n cr e as e t h e m ar gi n l oss a n d
c o ef fi ci e nt λ c o ntr ols t h e b al a n c e b et w e e n t h e m ar gi n l oss
a n d t h e di v ersit y a m o n g t h e c h os e n s e g m e nts.

3. 3. G r e e d y S u b m o d ul a r F u n cti o n O pti mi z ati o n

We pr o p os e a gr e e d y al g orit h m f or o pti mi zi n g t h e s u b-
m o d ul ar f u n cti o n i n ( 9 ) t o e ns ur e ef fi ci e nt m o d el tr ai ni n g.
T h e pr o p os e d al g orit h m l e v er a g es t h e s p e ci al str u ct ur e of
t h e st at e a n d mi xt ur e c o m p o n e nt s p a c e r es ult e d fr o m t h e
H D P- H M M p artiti o n of t h e vi d e o s e g m e nts. T h e p erf or-
m a n c e g u ar a nt e e of t h e gr e e d y al g orit h m is e ns ur e d b y o ur
t h e or eti c al r es ult pr es e nt e d at t h e e n d of t his s e cti o n.

R e c all t h at w e us e s i t o d e n ot e t h e mi xt ur e c o m p o n e nt of
s e g m e nt x +

i . L et f ∗
s d e n ot e t h e m a xi m u m s c or e a m o n g all

t h e s e g m e nts assi g n e d t o t h e s a m e mi xt ur e c o m p o n e nt a n d
i∗
s b e t h e i n d e x of t h e c orr es p o n di n g r e pr es e nt ati v e s e g m e nt:

i∗
s = ar g m a x

∀ i :s i = s
f (x +

i ), f ∗
s = f (x +

i ∗
s
) ( 1 2)

We c o nstr u ct a r e pr es e nt ati v e s et C + as f oll o ws. L et C + =
Φ a n d f or e a c h mi xt ur e c o m p o n e nt s , w e s et

C + ← C + ∪ { i∗
s } , if f ∗

s ≥ ϵ

C + ← C + , ot h er wis e
( 1 3)
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w h er e ϵ is a t hr es h ol d t o e x cl u d e s e g m e nts wit h a l o w pr e-
di cti o n s c or e, w hi c h pl a ys a n e q ui v al e nt r ol e as c o nstr ai nt
| C+ | ≤ κ i n (1 0 ). I n o ur e x p eri m e nts, w e us e ϵ e q u al t o t h e
o ut p ut of t h e s e g m e nt st a yi n g i n t h e 3 5t h p er c e ntil e a m o n g
vi d e o s p e ci fi c s e g m e nts s o as t o a v oi d s ki p pi n g a n y p ot e n-

ti al a b n or m al s e g m e nts. O n c e a r e pr es e nt ati v e s et C + is
c o nstr u ct e d, m o d el tr ai ni n g c a n pr o c e e d b y s ol vi n g t h e f ol-
l o wi n g MI L l oss:

mi n
w

1 −
1

|C + |
i ∈ C +

f (x +
i ) + m a x

j ∈ B n e g

f (x −
j )

+
( 1 4)

Gi v e n t h e st at e a n d mi xt ur e c o m p o n e nt assi g n m e nt of e a c h
s e g m e nt i n a vi d e o, t h e r e pr es e nt ati v e s et c a n b e q ui c kl y
c o nstr u ct e d b y s orti n g s e g m e nts wit hi n e a c h c o m p o n e nt a c-
c or di n g t o t h eir pr e di ct e d s c or es a n d c h o osi n g t h e r e pr es e n-
t ati v e s e g m e nt fr o m e a c h c o m p o n e nt b y c o m p ari n g its s c or e
wit h t h e t hr es h ol d ϵ . N e xt, w e pr o vi d e a str o n g t h e or eti c al
g u ar a nt e e t h at t h e gr e e d y al g orit h m c a n e ns ur e t h e i n cl usi o n
of a di v ers e s et of s e g m e nts f or m o d el tr ai ni n g.

T h e o r e m 1. T h e r e pr es e nt ati v e s et b as e d MI L l oss gi v e n i n
(1 4 ) is e q ui v al e nt t o t h e s u b m o d ul arit y di v ersi fi e d MI L l oss
gi v e n i n (1 0 ). F urt h er m or e, usi n g t h e pr o p os e d gr e e d y al-
g orit h m t o l o c at e t h e κ r e pr es e nt ati v e s e g m e nts ess e nti all y
pr o vi d es a κ - c o nstr ai n e d gr e e d y a p pr o xi m ati o n t o t h e m a x-
i miz ati o n of t h e s u b m o d ul ar s et f u n cti o n F (C ). As a r es ult,
t h e o bt ai n e d s ol uti o n is g u ar a nt e e d t o b e n o w ors e ( 1 − e − 1 )
of t h e o pti m al s ol uti o n.

T h e d et ail e d pr o of is pr o vi d e d i n t h e A p p e n di x.

4. E x p e ri m e nts

We c o n d u ct e xt e nsi v e e x p eri m e nts t o e v al u at e t h e ef-
f e cti v e n ess of t h e pr o p os e d B N- S V P a p pr o a c h. T hr o u g h
t h es e e x p eri m e nts, w e ai m t o d e m o nstr at e: (i) o utst a n di n g
a n o m al y d et e cti o n p erf or m a n c e b y c o m p ari n g wit h c o m p et-
iti v e t o p-k , MI L, a n d ot h er vi d e o a n o m al y d et e cti o n m o d-
els, (ii) r o b ust n ess t o o utli er a n d m ulti m o d al s c e n ari os, a n d
(iii) d e e p er i nsi g hts o n t h e b ett er d et e cti o n p erf or m a n c e
t hr o u g h a q u alit ati v e st u d y.

4. 1. D at as ets a n d E x p e ri m e nt al S etti n gs

O ur e x p eri m e nt ati o n i n cl u d es t hr e e vi d e o d at as ets of dif-
f er e nt s c al es: S h a n g h ai Te c h [1 7 ], A v e n u e [1 6 ], a n d U C F-
Cri m e [ 1 9 ]. Ta bl e 4 i n t h e A p p e n di x s h o ws h o w t h e vi d e os
ar e p artiti o n e d i nt o t h e tr ai ni n g/t esti n g s ets i n e a c h d at as et.
• S h a n g h ai Te c h c o nsists of 4 3 7 vi d e os ( 3 3 0 n or m al a n d

1 0 7 a b n or m al). I n t h e ori gi n al s etti n g, all tr ai ni n g vi d e os
ar e n or m al. T o fit i nt o o ur s etti n g, w e f oll o w t h e d at a
s plit i n [ 2 7 ] t o assi g n n or m al a n d a b n or m al vi d e os i n b ot h
tr ai ni n g a n d t esti n g s ets.

• A v e n u e c o nsists of 1 6 tr ai ni n g a n d 2 1 t esti n g vi d e os. We
p erf or m 8 0: 2 0 s plit s e p ar at el y i n t h e a b n or m al a n d n or m al
vi d e o s ets t o g e n er at e tr ai ni n g a n d t esti n g i nst a n c es.

• U C F- C ri m e c o nsists of 1 3 diff er e nt a n o m ali es wit h a t o-
t al of 1 9 0 0 vi d e os, w h er e 1 6 1 0 ar e tr ai ni n g vi d e os a n d
2 9 0 ar e t esti n g vi d e os. I n t his d at as et, fr a m e l a b els ar e
a v ail a bl e o nl y f or t h e t esti n g vi d e os.

T o s h o w t h e r o b ust n ess of t h e pr o p os e d a p pr o a c h i n t h e
m ulti m o d al a n d o utli er s c e n ari os, w e als o g e n er at e t h e M ul-
ti m o d al a n d O utli er d at as ets. S p e ci fi c all y, w e cr e at e a
m ulti m o d al s c e n ari o b y e xt e n di n g t h e U C F- Cri m e d at as et.
F or t h e o utli er s c e n ari o, w e d eli b er at el y i m p os e s o m e o ut-
li ers i n t h e S h a n g h ai Te c h d at as et. M or e d et ails of t h es e
t w o d at as ets ar e pr o vi d e d i n S e cti o n 4. 3 . F or e v al u ati o n,
w e r e p ort t h e fr a m e-l e v el r e c ei v er o p er ati n g c h ar a ct eristi cs
( R O C) c ur v e al o n g wit h t h e c orr es p o n di n g ar e a u n d er c ur v e
( A U C). T h e A U C s c or e i n di c at es t h e r o b ust n ess of t h e p er-
f or m a n c e at v ari o us t hr es h ol ds.

F or A v e n u e a n d S h a n g h ai Te c h d at as ets, w e e xtr a ct vi-
s u al f e at ur es fr o m t h e F C 7 l a y er of a pr e-tr ai n e d C 3 D n et-
w or k [ 2 3 ]. We r e-si z e e a c h vi d e o fr a m e t o 2 4 0 × 3 4 0 pi x-
els a n d fi x t h e fr a m e r at e t o 3 0 f ps. We c o m p ut e t h e C 3 D
f e at ur es f or e v er y 1 6-fr a m e vi d e o cli p. T his m a y yi el d a
diff er e nt n u m b er of cli ps ( e a c h cli p h a vi n g a 2 0 4 8 di m e n-
si o n al f e at ur e v e ct or) d e p e n di n g o n t h e n u m b er of fr a m es
i n e a c h vi d e o. T h us, w e fit a n y n u m b er of cli ps t o t h e 3 2
s e g m e nts b y t a ki n g a n a v er a g e of cli p f e at ur es i n a s p e ci fi c
s e g m e nt. I n c as e of U C F- Cri m e, w e e xtr a ct t h e f e at ur es
usi n g a n I 3 D n et w or k [ 1 ] b y usi n g t h e pr etr ai n e d n et w or k
as d es cri b e d i n [ 2 5 ]. F or all d at as ets, w e us e p ar all el G C N
n et w or ks t o c a pt ur e t h e f e at ur e si mil arit y a n d t e m p or al c o n-
sist e n c y. T h e o ut p uts of t h e p ar all el br a n c h es ar e c o m bi n e d
a n d p ass e d t hr o u g h a 5-l a y er L S T M n et w or k w h er e e a c h
l a y er h as 3 2 hi d d e n u nits f oll o w e d b y b at c h n or m ali z ati o n.
Fi n all y, a n F C l a y er wit h si g m oi d a cti v ati o n is a p pli e d t o
bri n g t h e pr e di cti o n s c or e t o ( 0, 1) . F or m o d el tr ai ni n g, w e
us e S G D wit h a l e ar ni n g r at e of 0 .0 0 1 a n d l2 r e g ul ari z ati o n
wit h p ar a m et er λ = 0 .0 0 1 . D et ail e d i nf or m ati o n a b o ut t h e
n et w or k ar c hit e ct ur e is pr o vi d e d i n t h e A p p e n di x.

4. 2. P e rf o r m a n c e C o m p a ris o n

C o m p a ris o n wit h T o p- k M o d els . We first c o m p ar e t h e d e-
t e cti o n p erf or m a n c e wit h t w o m ost r e c e nt t o p-k b as e d m o d-
els, i n cl u di n g R o b ust Te m p or al F e at ur e M a g nit u d e l e ar ni n g
( R T F M) [2 2 ] a n d t h e D R O b as e d d e e p k er n el MI L ( D R O-
D K MI L) [ 1 8 ]. We als o c o m p ar e wit h a st a n d ar d a v er a g e
t o p-k m o d el ( A v g T o p k) as t h e b as eli n e. A v g T o p k us es t h e
r a n k l oss i n (2 ) wit h t h e s a m e n et w or k ar c hit e ct ur e as B N-
S V P. F or R T F M, w e g et t h e r es ult b y r e-r u n ni n g t h e ori gi n al
i m pl e m e nt ati o n f or diff er e nt k v al u es. Si mil arl y, f or D R O-
D K MI L, w e r u n t h e ori gi n al i m pl e m e nt ati o n f or diff er e nt
η v al u es t h at c o ntr ol t h e si z e of t h e u n c ert ai nt y s et. T h e
pr o p os e d B N- S V P r e m o v es t h e d e p e n d e n c y o n t h es e hi g hl y
s e nsiti v e p ar a m et ers t hr o u g h n o n- p ar a m etri c m o d eli n g. D e-
t ail e d c o m p aris o n r es ults ar e s h o w n i n Fi g ur e 5 .

We h a v e s e v er al i m p ort a nt o bs er v ati o ns. First, all t h e
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Figure 5. Performance comparison with top-k ranking models

top-k models are very sensitive to the selection of the k
value (or η that defines a soft version of the top-k set).
Both RTFM and DRO-DKMIL outperform the standard
Avg Topk. DRO-DKMIL achieves relatively more stable
performance across all datasets. This may attribute to its
conversion of discrete optimization (i.e., choose a specific
k) to a continuous optimization problem (i.e. choosing η).
However, for certain dataset (e.g., Avenue), its performance
still varies more than 8%. Second, while for some rare
cases that RTFM or DRO-DKMIL achieves the best perfor-
mance for a specific k or η, they under-perform BN-SVP
in most cases. This is mainly due to that these models
tend to choose a consecutive set of segments, which lim-
its the model’s exposure of other potentially positive seg-
ments. This issue has been effectively addressed by BN-
SVP, which extracts a diverse set of potentially positive seg-
ments through submodular optimization.

Comparison with Other Models. We also make compar-
ison with other existing techniques that do not depend on
the k value. Specifically, our comparison study includes
the maximum score based MIL model (MMIL) by Sultani
et al. [19], attention based deep MIL model proposed by
Ilse et al. [7], a dictionary based approach proposed by Lu
et al. [16], and an MIL model for soft bags (MILS) pro-
posed by Li & Vasconcelos [13] as common baselines for
all datasets. Sultani et al. [19] used the loss function in (1)
along with the temporal similarity and consistency as a reg-
ularizer. Ilse et al. used a permutation invariant aggregation
function to detect the positive instances in the bag, where
the function operators are learned using the attention net-
work [7]. Li & Vasconcelos used a large-margin based la-
tent support vector machine model with the goal to correctly
classify positive and negative bags [13]. In case of the ap-
proach presented by Zhong et al. [27], we directly report
the performance from the original paper for the UCF-Crime
and ShanghaiTech datasets. This approach involves multi-
ple rounds of alternative optimization between classification
and cleaning and may produce unstable performance [22].
Considering its difficulty in the training and replication pro-
cess, we do not include it in other datasets.

Table 1 reports the AUC scores of BN-SVP along with
the results from the comparison models as described above.
It can be seen that BN-SVP clearly outperforms other mod-
els in all datasets and a large margin (i.e., 6-8%) is achieved

Table 1. Comparison with Other Models
Approach AUC (%)

UCF-CRIME

Hasan et al. [5] (C3D) 50.60
Lu et al. [16] (C3D) 65.51
Lu et al. [16] (I3D) 61.98
MMIL [19] (C3D) 75.41
Li & Vasconcelos [13] (I3D) 77.95
Ilse et al. [7] (I3D) 76.52
Zhong et al. [27] (GCN (C3D)) 81.08

Zhong et al. [27] (TSNRGB) 82.12

Zhong et al. [27] (TSNOpticalFlow) 78.08
MMIL [19] (I3D) 79.68
BN-SVP (I3D) 83.39

SHANGHAITECH

Lu et al. [16] (C3D) 72.90
Li & Vasconcelos [13] (C3D) 90.40
Zhong et al. [27] (GCN (C3D)) 76.44

Zhong et al. [27] (GCN(TSNRGB)) 84.44

Zhong et al. [27] (GCN(TSNOptical Flow)) 84.13
Ilse et al. [7] (C3D) 85.78
MMIL [19] (C3D) 92.18
BN-SVP (C3D) 96.00

AVENUE

Binary SVM (C3D) 69.11
Lu et al. [16] (C3D) 62.14
Li & Vasconcelos [13] (C3D) 72.23
Ilse et al. [7] (C3D) 72.39
MMIL [19] 70.40
BN-SVP (C3D) 80.87

on both ShanghaiTech and Avenue datasets. The corre-
sponding ROC curves are shown in Figure 6, which demon-
strates a consistent trend. For example, on UCF-Crime, BN-
SVP has a more than 10% better True Positive Rate (TPR)
compared to MMIL at a False Positive Rate (FPR) of 0.2.
Also at varying FPR, BN-SVP consistently outperforms the
other competitive baselines, which justifies its outstanding
detection capability.

4.3. Detecting Multimodal and Outlier Segments

Multimodal Detection. The original UCF-Crime dataset
does not explicitly consider a multimodal scenario. Even
though the real-world surveillance videos may indeed con-
tain those cases (which is evidenced by the superior perfor-
mance of the BN-SVP model), it is hard to identify actual
videos for this specific information. In UCF-Crime dataset,
different types of anomalies are present. This allows us to
explicitly create multimodal scenarios by combining multi-
ple abnormal videos from different activity types. To this
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Figure 6. ROC curves on three video datasets (a)-(c), multimodal (d) and outlier (e)

Table 2. AUC Scores on Multimodal and Outlier Detection
Approach AUC (%)

Multimodal Outlier
Lu et al. [16] (C3D) 58.67 72.90

Li & Vasconcelos [13] (C3D) 70.96 90.95

Ilse et al. [7] (C3D) 66.85 85.65

MMIL [19] 57.08 86.47

BN-SVP 76.53 95.27

(a) Frame 1 (b) Frame 2

Figure 7. Frames from UCF-Crime Stealing019; (a) Correct BN-
SVP, Avg Topk, (b) Correct BN-SVP, Incorrect Avg Topk
end, we randomly select three activity types and form an
abnormal bag by concatenating three abnormal videos, one
video per activity type. The training bags are constructed
using the training dataset whereas testing bags are con-
structed using the testing dataset. In total, we construct 50
abnormal and 50 normal training bags. In the testing set,
there are 10 normal and 10 abnormal videos. Table 2 shows
the AUC scores and corresponding ROC curve is shown in
the Figure 6 (d). BN-SVP achieves a more superior perfor-
mance compared to other baselines. Furthermore, BN-SVP
stays consistently on the top in the ROC curve justifying the
effectiveness of the approach toward the multimodal sce-
nario. As an example, at FPR = 0.1, BN-SVP is at least
20% better than other approaches on TPR.

Outlier Detection. To assess the robustness on outlier de-
tection, we extend the ShanghaiTech dataset with outliers.
Specifically, we randomly select 120 segments from abnor-
mal videos and replace their features with points drawn
from a standard multivariate Gaussian distribution. As
shown in Table 2, MMIL suffers heavily by the outliers
compared to the proposed BN-SVP. This is because, it is
likely to have an outlier prediction as the maximum predic-
tion score from the abnormal video. As a result, the overall
optimization process may be heavily influenced by outliers.

4.4. Qualitative Analysis
To show the effectiveness of extracting a diverse set of

segments for model training, we present illustrative sam-
ple frames in a stealing video from UCF-Crime, where BN-

SVP correctly identifies all abnormal frames and a top-k ap-
proach (e.g., Avg Topk) misses some of them. In Figure 7,
both frames are of abnormal types and but they occur in
two distinct time intervals within the video. The first frame
is more obvious for a stealing event. Consequently, both the
proposed BN-SVP and Avg Topk are able to correctly iden-
tify it. In contrast, the second frame is less obvious for a
stealing activity. Nevertheless, it is still chosen by BN-SVP
due to its diverse coverage of potentially abnormal frames
during the training process. On the other hand, Avg Topk
only focuses on frames with high prediction scores that are
usually co-located in the same time interval. This will nar-
row the scope of the model being exposed to other abnormal
frames. Therefore, Avg Topk is not able to correctly predict
the second frame and falsely classify it as normal. More
qualitative analysis that demonstrates the robustness of the
proposed approach on multimodal and outlier scenarios is
provided in the Appendix along with an ablation study for
the prediction score threshold ϵ defined in (13).

5. Conclusion
In this paper, we propose a novel Bayesian non-

parametric submodularity diversified MIL model for robust
video anomaly detection in practical settings that involve
outlier and multimodal scenarios. By integrating submod-
ular optimization with the minimization of an MIL loss,
the proposed approach identifies a diverse set of segments
to ensure comprehensive coverage of all potential positive
segments for effective model training. The Bayesian non-
parametric construction of the submodular set function au-
tomatically determines the upper bound on the size of the
diverse set, which serves as a key constraint for minimizing
the submodularity diversified MIL loss function. The re-
sulting state-component structure also leads to a greedy sub-
modular optimization algorithm to support efficient model
training. The effectiveness of the proposed approach is
demonstrated through the state-of-the-art robust anomaly
detection performance on real-world surveillance videos
with noisy and multimodal scenarios.
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