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Preparing the D
ataset

➔
T

h
e given

 d
ataset co

n
tain

ed
 im

ages o
f very h

igh
 reso

lu
tio

n
.

➔
D

o
w

n
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  im
ages to
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2

4
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2
4

) d
u

e to
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m
p

u
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n
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n
strain
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➔
A

ssu
m

ed
 th

e featu
re w

as presen
t if at least 1

 w
o

rker an
n

o
tated

 it

➔
C

reate a fram
e exp

o
rt strategy (2

 -4
 fram

es per given
 vid

eo
 clip)

◆
1

 o
u

t o
f 3
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es if clip

 h
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 less th
an

 1
0

 fp
s

◆
1
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u
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f 1

0
0
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es if th
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 2

0
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s

◆
1
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Preparing the D
ataset: O

bject-based A
nnotations

➔
T

h
e d

ataset w
as an

n
o

tated
 w

ith
 3

2
 lab

els. 

➔
W

e argu
e th

at th
e lo

calizatio
n

 o
f co

re im
age elem

en
ts, w

o
u

ld
 lead

 to
 im

p
ro

ved
 

perfo
rm

an
ce in

 o
verall scen

e u
n

d
erstan

d
in

g.

➔
O

pted
 to

 train
 o

b
ject d

etectio
n

 n
etw

o
rks.

➔
R

eq
u

ired
 an

n
o

tatio
n

 effo
rt fro

m
 o

u
r p

art w
ith

 b
o

u
n

d
in

g b
o

xes fo
r a sm

all 

po
rtio

n
 o

f th
e d

ataset



O
ur Subm

issions

➔
F

ive In
d

ep
en

d
en

t R
esN

et1
0

1
 C

lassifiers (L_V
C

L_1
)

➔
A

 m
u

lti task classifier (L_V
C

L_5
)

➔
C

lassifiers fo
r co

n
cep

t / O
b

ject D
etectio

n
 fo

r o
b

jects (O
_V

C
L_3

)

➔
C

lassifiers o
ver F

aster R
-C

N
N

 F
eatu

res M
ap

 (O
_V

C
L_6

)

➔
C

lassifiers o
ver F

aster R
-C

N
N

 F
eatu

res M
ap

 w
ith

 atten
tio

n
 (O

_V
C

L_2
)

➔
F

ive In
d

ep
en

d
en

t R
esN

et1
0

1
 C

lassifiers w
ith

 atten
tio

n
 (O

_V
C

L_4
)



Five Independent ResN
et101 Classifiers (L_VCL_1)

➔
Five different R

esnet101 classifiers, one for each category

➔
The original dataset w

as split into 5 sm
aller parts, each one:

◆
contained only im

ages along w
ith their annotations for one of the 

5 categories

◆
used to train a different classifier



Five Independent ResN
et101 Classifiers (L_VCL_1)

➔
The classifiers w

ere fine-tuned on 
the 5 sm

aller datasets

➔
W

e regard this approach as our 
baseline w

ith w
hich to com

pare the 
other subm

issions



A m
ulti task classifier (L_VCL_5)

➔
C

om
m

on R
esN

et101 backbone

➔
5 separate classifier heads on top

➔
C

alculate the loss for each task

➔
A

ggregate Losses on a global loss

➔
P

erform
 back propagation once

The average precision drops substantially using this approach.



Classifiers for concept /
 O

bject D
etection for objects (O

_VCL_3)

➔
U

tilize the form
ed object localization 

annotations

➔
Faster R

-C
N

N
 object detector, using the 

object-specific annotations

➔
C

onvert the output of Faster R
-C

N
N

 to 
predict only the presence or absence of a 
feature

➔
For the features in the three concept 
categories w

e use the classifiers 
im

plem
ented in L_V

C
L_1.



Classifiers over Faster R-CN
N

 Features M
ap 

(O
_VCL_6)

➔
C

om
m

on R
esN

et101 backbone

➔
5 separate classifier heads on top

➔
U

sing the R
esnet101 backbone from

 

trained Faster R
-C

N
N

 from
 O

_V
C

L_3

➔
5 dataloaders to iterate over datasets 

separately

➔
C

alculate the loss for each task / P
erform

 

back propagation 5 Tim
es



Classifiers over Faster R-CN
N

 Features M
ap w

ith attention (O
_VC

L_2)

➔
C

reate attention m
asks from

 the 
detected bounding boxes

➔
A

pply these on m
asks on the base 

features m
ap

➔
5 dataloaders to iterate over 
datasets separately

➔
C

alculate the loss for each task / 
P

erform
 back propagation 5 Tim

es

➔
Ǻackbone iV keSW fUo]en dXUing Whe 
training



Classifiers over Faster R-CN
N

 Features M
ap w

ith attention (O
_VC

L_2)

➔
C

reate attention m
asks from

 the 
detected bounding boxes

➔
A

pply these on m
asks on the base 

features m
ap

➔
5 dataloaders to iterate over 
datasets separately

➔
C

alculate the loss for each task / 
P

erform
 back propagation 5 Tim

es

➔
Ǻackbone iV keSW fUo]en dXUing Whe 
training



Five Independent ResN
et101 Classifiers w

ith attention (O
_VCL_4)

➔
5 different classifiers, one for 

each category

➔
ǹSSl\ Whe noUm

ali]ed aWWenWion 

m
ask over base features of C

3 

layer of the R
esN

et101 backbone

ȉhiV m
eWhod did noW SeUfoUm

 aV e[SecWed.



R
esults and analysis
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esults and analysis



R
esults and analysis



Conclusion
➔

In
itially u

tilized
 R

esN
et1

0
1

 classifiers

◆
a) 5

 d
ifferen
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n

e fo
r each

 featu
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◆
b
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n
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m

m
o

n
 R
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1
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o
n

e an
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 5
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n
  to

p

➔
A

fterw
ard

s,  relied
 o

n
 F

aster R
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N
N

  o
b
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etectio

n
 n

etw
o

rk fo
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icle an
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 in
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ctu
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◆
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m
b

in
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n
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f  F
aster R
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N

N
 an

d
 3

 o
f th

e 5
 classifiers fo

r th
e o

th
er 3
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ries fro

m
 th

e 

in
itial ap

p
ro

ach
 p

erfo
rm

ed
 th

e b
est

◆
u

tilized
 th

e F
aster R

-C
N

N
 b

ackb
o

n
e as a featu

re extracto
r an

d
 5

 classifier h
ead

s o
n

 to
p

◆
featu

res extracted
 fro

m
 th

e F
aster R

-C
N

N
 b

ackb
o

n
e w

ere refin
ed

 w
ith
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asks fo

rm
ed

 b
y 

th
e F

aster R
-C

N
N
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etected

 b
o

u
n

d
in

g b
o

xes,
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