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O
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D
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C
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C
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R
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○
2016 results (http://vid-gpu7.inf.cs.cm

u.edu:2016)
■

12.6 m
IA

P
v.s. 2017 A

V
S

 w
inner 10.2 m

IA
P

(+ 23.5 %
)

○
2018 results (http://vid-gpu7.inf.cs.cm

u.edu:2018)
■

2
ndplace, 8.7 m

IA
P

●
D

iscussion: W
hat does/doesn’t the m

odel learn? 
●

C
onclusion and future w

ork



V
isualization

http://vid-gpu7.inf.cs.cm
u.edu:2016

http://vid-gpu7.inf.cs.cm
u.edu:2018



Introduction

●
A

V
S

 as a cross-m
odal (text to video) retrieval problem

 
○

V
ectorize representations for text queries and videos

■
ti = encodertext (query

i ), v
j = encodervideo (video

j )

○
C

ross-m
odal retrieval based on distance betw

een t,v.

■
R

(s|q
i ), s

j = dist(v
j ,ti )

●
Tw

o types of the joint em
bedding space t, v ∈

R
N

○
D

iscrete em
beddings (C

onventional approach w
ith concept-bank)

■
E

ach dim
ension has a specific sem

antic m
eaning

○
C

ontinuous em
beddings

■
Each dim

ension doesn’t have a specific m
eaning

car
blueblue car



Introduction

●
D

iscrete joint-em
bedding space: N

: >10,000
○

Learnt from
 external (classification) dataset {(label, im

age/video)i }

○
P

ros: M
ore interpretable. E

asy to debug/re-rank

○
C

ons: Less representation pow
er, hard to generalize, curse of dim

ensionality (w
hen N

 is large)

●
C

ontinuous joint-em
beddings space: N

: 500~1000
○

Learnt from
 external (retrieval/captioning) datasets w

ith pairw
ise sam

ples {(text, im
age/video)i }

○
P

ros:  U
sually m

ore pow
erful, S

O
TA

 in m
ultiple datasets

○
C

ons: N
ot-interpretable, hard to control/debug

●
A

V
S

○
D

irectly perform
 inference w

ith the m
odels pre-trained on external datasets to generate t, v

○
O

utput the ranking based on euclidean/cosine sim
ilarity scores



P
ipeline for retrieval using discrete sem

antics 



Tw
o sub-problem

s w
hen using discrete sem

antics

●
C

oncept E
xtraction

○
E

xtract concepts from
 videos using pre-trained detectors

○
This can be done offline

●
S

em
antic Q

uery G
eneration (S

Q
G

)
○

C
onverting a text query to a concept vector

○
G

iven a new
 query, needs to be done online



C
oncept E

xtraction

●
D

atasets used for training concept detectors

●
U

se these detectors offline to extract concepts from
 all the videos

YFC
C

609 concepts

Im
ageNet Shuffle

12703 concepts

UC
F101

101 concepts

Kinetics
400 concepts

Place
365 concepts

G
oogle Sports

478 concepts

FC
VID

239 concepts

SIN
346 concepts

M
om

ents
339 concepts

A
 total of 15,580 concepts in our concept pool.



S
Q

G
 B

aseline: E
xact M

atch

W
e convert a text query to a concept vector using exact 

m
atch

betw
een the term

s in query and concepts in the 
concept pool.



S
Q

G
: S

ynset A
pproach



M
odels learning continuous em

beddings

●
Features and E

ncoders
○

Text encoder: G
R

U
/LS

TM
■

W
2V

: random
ly initialized. V

ocabulary: {Flickr30K
 ⋃

M
S

C
O

C
O

 ⋃
M

S
R

-V
TT)

○
V

isual encoder: A
 sim

ple linear layer
■

M
ean pooled fram

e-level regional features
●

Last C
onv of R

esN
et 101

●
Last C

onv of Faster R
C

N
N

 (R
esN

et 101)

●
A

ttention M
odel:

○
Intra-m

odal attention
○

Inter-m
odal attention

●
O

bjective:
■

P
airw

ise m
ax-m

argin loss
■

H
ard negative m

ining

Text E
ncoder

V
isual E

ncoder

A
ttention M

odel

O
bjective

Text Feature
V

isual Feature



M
odels learning continuous em

beddings
Intra-m

odal attention (D
A

N
: D

ual A
ttention N

etw
ork)

Inter-m
odal attention (C

A
N

: C
ross A

ttention N
etw

ork)

●
C

om
plexity at the inference phase: (M

: # query, N
: # data)

○
D

AN (Intra-attention O
(M

))
○

C
AN (Inter-attention O

(M
N))



D
atasets and E

xperim
ental S

ettings

●
P

re-trained dataset statistics
○

Flickr30K
: 31,783 im

ages, each w
ith 5 text descriptions

○
M

S
C

O
C

O
: 123,287 im

ages, each w
ith 5 text descriptions (coco 2014)

○
M

S
R

-V
TT: 10,000 videos, each w

ith 20 text descriptions

●
S

om
e hyperparam

eters
○

E
m

bedding dim
: 512, D

A
N

 # of hops: 2
○

B
atch size 128, w

ithin-batch hardest negative m
ining

○
A

dam
 optim

izer w
ith 0.001 learning rate, gam

m
a 0.1 for 20 epochs, 50 epochs for training, 30 

epochs for early stopping

●
Features

○
300-dim

 w
ord em

beddings, truncated at length 82.
○

7x7x2048 for R
esN

et101, 36x2048 for faster-R
C

N
N

. M
ean-pooled over fram

es in IA
C

C
.3.

●
Fusion

○
Late fusion w

eights from
 Leave-one(m

odel)-out. 11 m
odels are fused. 



Q
uantitative R

esults (IA
C

C
.3 2016)



Q
uantitative R

esults
●

1510: a sew
ing m

achine
●

1512: palm
 trees

●
1518: one or m

ore people at 
train station platform

●
1520: any type of fountains 
outdoors

●
1526: a w

om
an w

earing 
glasses

●
1529: a person lightening a 
candle

●
Fusion w

eights: (11 m
odels)

○
D

iscrete: 0.53 (5 m
odels)

○
C

ontinuous: 0.47 (6 m
odels)

? ?



Q
ualitative results on A

V
S 2016 queries



1510 Find shots of a sew
ing m

achine
C

A
N

: 0.01

S
YN

: 8.03 (sew
ing m

achine in the sem
antic pool)



1512 Find shots of palm
 trees

C
A

N
: 11.95

S
YN

: 1.23 (palm
 trees: O

O
V

)



1526 Find shots of a w
om

an w
earing glasses

S
YN

: 1.23 (disam
biguation of m

atching/ S
Q

G
 fails)

C
A

N
: 16.42 (understands “w

earing glasses” and w
om

an)



1529 Find shots of a person lighting a candle
C

A
N

: 0.46 ( 

S
YN

: 0.53 



1507 Find shots of a choir or orchestra and conductor perform
ing on stage

S
YN

: 45.24 

C
A

N
: 11.95 



1518 one or m
ore people at train station platform

S
YN

: 45.24 

C
A

N
: 7.25 ?? 



Q
ualitative results on A

V
S 2018 queries



Find shots of people w
aving flags outdoors

C
A

N
: 

S
YN

: 



Find shots of one or m
ore people hiking

C
A

N
: 

S
YN

: 



Find shots of a projection screen
C

A
N

: 

E
M

: 



Find shots of a projection screen
S

YN
: 

E
M

: 



Find shots of a person sitting on a w
heelchair

C
A

N
: 

S
YN

: 



Find shots of a person playing keyboard and singing indoors



D
iscussion: W

hat does/doesn’t the m
odel learn?

●
Q

: D
oes discrete sem

antics generalize for cross-m
odal retrieval? 

●
A

: P
robably N

O
 w

ithout dom
ain adaptation.

●
E

xperim
ent:

○
U

sing the discrete representation (sem
antic concept bank) for text-to-im

age retrieval on Flickr30K
○

R
esults: 

M
odel

R
@

1
R

@
5

R
@

10

D
iscrete sem

antics
6.1

17.7
22.4

C
A

N
 from

 coco (no training)
21.7

36.5
55.2

P
ublished S

O
TA

 (C
A

N
)

45.8 
74.4

83.0

O
urs (to be published)

53.3
80.0

85.4



D
iscussion: W

hat does/doesn’t the m
odel learn?

●
Q

: W
hat does /doesn’t the continuous m

odel learn?
●

A
: It cares nouns >>> adjs >> verbs > order > count. 

Syntactics, counting, preprop…
 in the text query should but does N

O
T m

atter...
●

E
xperim

ent: (A
 sim

plified Intra-m
odal attention m

odel)
○

D
ropping/ shuffling text queries and com

pare how
 m

uch does the perform
ance drop 

prior



C
onclusion &

 future w
ork

●
W

e explored m
odels learning tw

o types of joint-em
bedding space for text to 

video retrieval for A
V

S
●

D
iscrete sem

antics are good at finding specific (dom
inating) concept but are 

sensitive to O
O

V
. They highly depend on the dom

ain and are relatively hard 
to generalize to other datasets.

●
M

odels w
ith continuous em

beddings are good at capturing latent/ 
com

positional concepts and are com
plem

entary to the discrete m
odels.

●
C

urrent S
O

TA
 cross-m

odal retrieval m
odels learns m

ainly aligning nouns 
(objs) and adjs but care less about syntactics, counting.

●
C

om
bining the pros of tw

o types of the m
odel is our next step.


