NANYANG
TECHNOLOGICAL
UNIVERSITY

SINGAPORE

Vet

Video Corpus Moment Retrieval with Contrastive Learning

Hao Zhang'2, Aixin Sun', Wei Jing?, Guoshun Nan#,
Liangli Zhen?, Joey Tianyi Zhou?, Rich Siow Mong Goh?

'School of Computer Science and Engineering, Nanyang Technological University, Singapore
?Institute of High Performance Computing, A*STAR, Singapore
3Institute of Infocomm Research, A*STAR, Singapore
4Singapore University of Technology and Design, Singapore

SIGIR 2021

% NANYANG TECHNOLOGICAL UNIVERSITY | SINGAPORE



Single Video Moment Retrieval (SVMR)

a.k.a., temporal sentence grounding in video

Inputs:

An untrimmed video + a language query
Outputs:

The target moment

Query: Rachel explains to her dad on the phone

why she can't marry her fiancé. |‘ . R i
Video: ; (Rache'l )Daddy— |jUSt —
' _37; '”p" e | e | 'can‘tsmanry h|m ______ —

00:44 00:54
Target Moment

The example from TVRetrieval. 2
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https://tvr.cs.unc.edu/tvr_explore.html

Video Corpus Moment Retrieval (VCMR)

VCMR

Input: video corpus with multiple videos,
Output: target moment

SVMR

Input: an untrimmed video,
Output: target moment

Query: The man continues to
pour more ingredients in and
then puts it on a table.

= |
|

Query: The man continues to
pour more ingredients in and
then puts it on a table.
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Existing VCMR Approaches

Video Corpus Stored Visual Features
. . . . Video 1 0 OO 0OO®
Video retrieval and moment localization ::> Video :> Video 20 00 00O
Encoder Video 30 0 00 0O @
Video 4O O O OO O®
% _ * * @
V* =argmax p(V|Q) and m™ ~ arg max p(m|V",Q)
|4 mev* Query: The man continues to Text " Video Retrieval
pour more ingredients in and &
then puts it on a table. Encoder

\ Moment Localization )

V* denotes the target video
m” is the target temporal moment.

Video Retrieval
&
\ Moment Localization )

Query: The man continues to pour more ingredients in and then puts it on a table.
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Existing VCMR Approaches

Unimodal Encoding Approach: to encode video and Video Corpus Stored Visual Features
. Video 1 9 OO0 O
text separa_tely and learn the matching through late i S sessss
feature fusion. |:,,> ok Video 30 00 OO @
Video 1@ 0000 @
Pros: @
_g—YHI h efficienc Query: The man continues to Text Video Retrieval
Cons: pour more ingredients in and Ficod &
Low retrieval accuracy e puteiionafble: = Moment Localization

Cross-modal Encoding Approach: to jointly encode
query words and video features by cross-modal Video Corpus . 990000

reasoning at fine-grained granularity. Vide %fmeval
' Moment Localization
Pros:
High retrieval accuracy
Cons: Query: The man continues to pour more ingredients in and then puts it on a table.

Low efficiency
5
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Our Solution

Remedy the contradiction between high efficiency and high-quality retrieval in VCMR

To achieve the pros of both unimodal and cross-modal encoding approaches.

Key idea:
1. Adopt unimodal encoding approach to keep the high efficiency.

2. Adopt contrastive learning to simulate cross-modal interaction for high-quality retrieval.

6
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Our Solution

Key idea:
1. Adopt unimodal encoding approach to keep the high efficiency.
2. Adopt contrastive learning to simulate cross-modal interaction for high-quality retrieval.

Cross-modal Interaction Contrastive Learning
It is to highlight the relevant and It is to maximize the mutual
important information from both information (MlI) of positive pairs
modalities through co-attention and to minimize the MI of
mechanisms. negative pairs.

A pair of matching video and query is a positive pair, and a non-matching pair is a negative pair in
training.

The cross-modal interaction learning and contrastive learning share a similar objective of
emphasizing the relevant information of input pairs.
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Retrieval and Localization Network with Contrastive Learning (ReLoCLNet)

F_--_—._—--_-_-_.-_-_-—_—_—.--.-_—_- _1 ‘F-._-_ -— —._—.-—-ﬂ
l Position !
1 Emb

' Rachel explains to her
dad on the phone why she d>
can't marry her fiancé.

1039B0XH
aInjea,] [en)xa,
e
E 1%}
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| Query Encoder
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BE I } [ Standard | :
g = a
§ E EEN \{ Transformer !
o~ E . J < :I
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© VideoCL
ll , g Emb (<T =7 ;I
28 [ standara = 1
:00:07,786 --=> 00:00:13, g o} > > 1
{ ooy E{E R -0~ e ,
I. Video Encoder — ] El
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Unimodal encoding baseline: ReLoNet ReLoCLNet: ReLoNet + CL objectives
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ReLoCLNet: Query Encoder

| et e e S e e e e b e e S R R S e e S 1
. Position !
: - Emb Addltl.V€ >,
! . 2 p Attention '
1 Rachel explains to her o g Standiod Standand 1xd!?
: dad on the phone why she E> § — M FFN :
; can't marry her fiancé. s 8 k Transformer Transformer 1ise:d n
k=1 .y
: a Additive | q :
[ Attention %
L 1

Query Encoder

* The textural feature extractor can be pre-trained word embeddings, e.g., GloVe, or language model, e.qg.,
RoBERTa.
« Two standard transformers is used to encode the contextual representations of query: Q = {ﬁi}?jo_ te
R™*4, m € {v,s}. N
« The additive attention strategy is applied to aggregate the information of Q to generate modularized
query vectors gq,, € R<.
ng—1
al = Softmax (Wi, é)) eR™, qn = qZ: a? x q; € RY
i=0 9
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RelLoCLNet: Video Encoder

1 H! N, xd .
: < ' » Visual extractor can be pre-trained
z s
: gé N | standard Co-attentional Standard ;7 +  C3Dor 3D model.
: g g y § L Transformer Transformer Transformer (d !
s N, xd!
'y - Position + + Textual extractor is same as the
: = Eb ' query encoder.
' mz vy [ ) 1
1 5 = Standard Co-attentlonal Standard 1
, 00:00:07.786 --> 00:00:13,156 £ = || FFEN P> = H..i . .
: Monica: Who wasn't invited §§ L TransformerA L Transformer Transformer ]_]; x d: ° The VISU8| and SUbtlﬂe features are
' Video Encoder c H' N, xd ' encoded parallelly.

e The co-attentional transformer encodes their cross-modal
representations as H;, = {h;, }n” " e R4 m € {v, s}

« The encoded cross-modal representations are refined by
another transformer block: H,, {hml}n” ' e Roxd,
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ReLoCLNet: Video Retrieval Module

* The video retrieval score is generated by computing the cosine similarities
between H,, and q,,.

@m = norm(H,)) - norm(q,)

Om = max(@p) = max([@S, oh -, om ]

| Video Retrieval Module » The video retrieval is trained with ranking loss (hinge loss) as:
1

1 1
VR _ - ’ sl " _
L —maX(O,A+NZ(p g0)+maX(O,A+NZ(p ®)
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ReLoCLNet: Moment Localization Module

i
E q,=»| FFN S
! E > L start
' H, =
' qs—{FFN %)
: E > Lend
5 “

; Moment Localization Module

The video-query similarity scores in moment localization module is
computed as:

Smq =H,, - ¢, € R"™, where m € {v,s} ¢/, =Wm - qm +bm € R4
S = %(Soq+33q)

The video-query similarity scores § € R™. Then, the 1d convolutional
layers are applied to compute the start and end boundaries scores.

Sstart = Conv1Dgtart (S), Send = Conv1 Dend(S)

The moment localization is trained with cross-entropy loss:
Pgstart = Softmax(Sstart), Pepng = Softmax(Sepd)

1
-EML = 5 X (fXE(Pstart, Ystart) I fXE(Pend’ Yend))
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RelLoCLNet: Video Contrastive Learning (VideoCL) Module

VideoCL aims to learn a joint feature space:
1. semantically related videos and queries are close to each other

! () i 2. far away otherwise.
| H!, - 2 :
AR | « Compute the modularized representation of latent representations Hj,,, as:
: g- g; -VIVideOCL : ny—1
: 5 g : a™ = softmax(Wp,q - Hy,) € R™, ¢ = Z a" X by,
— = i=0
| — | s Let? = {(cn, as positive pairs and V' = {(¢;,, q:n)} @s negatives
: | m qm p p m qm g
] I
1 I

Video Contrastive L ]
e 5 ef(em) 9(am)

It =1lo i L
m= BNy fem 9@m 3 of ) 9(dm)
(em-qm)EP (¢t qm)~N

T¢= (I +1IF) pVideoCL _ _re
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RelLoCLNet: Frame Contrastive Learning (FrameCL) Module

+ FrameCL focuses on moment localization within a given video-query pair.
« The video features that reside within boundaries of target moment as
positive samples, and the rest as negatives.

g
2
8 3
£z
S o
a
- a
@ <
B o
g
5
(&

* The contrastive loss is computed by measuring M| between the query
and the positive/negative visual features:

1 Frame-level Contrastive Learning (FrameCL) 1
1
Negative Scores

ier < o i ; dx
Positive: H,'n,F = {h:n,ill =i%...,i°} e R

Negative: H) p={h] ;[i=0,...,-1i+1....,n—1} € RAx(ny—n;)

J0JRUTWILIDSI(]
uoneIzouy

In=Bm . [ ~sp(-Co(q, H,'n,F))] —Ew | [Sp(Ce(q, H,'n,B))]

1
1
1
1
1
1
1
1
1
1
Positive Scores :
1
1
1
1
1
1
1
1
1
1

1

1

1

1

1 B Frame-level L FrameCL(_ _Tay
' H) Contrastive Learning ‘ o
1

1

s Frame-level FrameCL(_ _Tay
i HE Contrastive Learning] L s

7%= 118 +1%)  pFrameCL _ _ya
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Experiments

Datasets:
* TVR dataset
» ActivityNet Captions (ANetCaps) dataset

Metric
* Recall@k, where k € {1,5,10,100}.
* Recall@k, loU=u, where k € {1,10,100} and u € {0.5,0.7}.

The definition of a correct prediction by VCMR model is that:
i.  The predicted video matches the ground truth (GT) video;
ii.  The predicted moment within the video has high overlap with the GT moment.

(The overlap is measured by temporal Intersection over Union, loU)

15
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Experiments

Comparison of the VCMR results on
TVR and ANetCaps datasets

Dataset

Method

Recall@k,IoU = 0.5

Recall@k, IoU = 0.7

R1 R10 R100 | R1 R10 R100
XML [37] = = - 262 9.05 2247
HERO [38] - - |2.98 10.65 18.25

& |FLAT [78] 8.45 21.14 3075 |4.61 11.29 16.24

& |HAMMER [78](9.19 21.28 31.25 |5.13 1138 16.71
ReLoNet 546 16.65 3508 |2.71 9.37 22.87
ReLoCLNet  |8.03 21.37 44.10 |4.15 14.06 32.42
MCN [30] 0.02 018 1.26 |0.01 0.09 0.70

2 |CAL [16] 021 132 6.82 |0.12 089 4.79

Q  |FLAT [78] 257 1307 30.66 |1.51 7.69 17.67

> |HAMMER [78]|2.94 14,49_32.49 |1.74_8.75_ 19.08

< [ReLoNet 216 996 2454 |1.26 564 17.43
ReLoCLNet  [3.09 11.28 25.95 |1.82 6.91  18.33

XML, HERO: unimodal encoding approaches.
FLAT, HAMMER: cross-modal encoding approaches.
MCN, CAL: ranking-based approaches.

ReLoNet is comparable to the unimodal encoding
approaches, XML and HERO.

ReLoCLNet surpasses the unimodal encoding
approaches significantly, while achieves comparable
performance to the cross-modal encoding methods,
HAMMER.

16
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Experiments

The time spent on data pre-processing and feature

Comparison of Retrieval efficiency on TVR dataset extraction by pre-trained extractor are not counted
since the same process applies to all methods.

Retrieval Efficiency
Method i
Total Time  Average Per Query The retrieval efficiency of ReLoNet and ReLoCLNet
XML [37] 39.34 seconds I 3761 milliseconds| are comparable to XML, i.e., unimodal encoding
HAMMER [78] | 2, 378.67 seconds 1218.33 milliseconds| approach.
ReLoNet l - |
ReLoCLNet 42.07 seconds | 3.86 milliseconds ReLoNet and ReLoCLNet are far more efficient
e — than HAMMER, ie., cross-modal encoding
approach.
17
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Experiments

Results of VR subtask on TVR and ANetCaps Results of SVMR subtask on TVR and ANetCaps

Recall@k Recall@1,IoU =
Dataset | Method ;

Dataset | Method Pl TelE Paeih Jo="00 dalase =0 p=03 p=05 p=07

MCN [30] 0.05 038  0.66  3.59 MCN [30] - 13.08  5.06

CAL [16] 028 102 168 855 CAL [16] - 1207 4.68

Tvr | MEE [48] 756 2078 29.88  73.07 vr | EXCL[20] - 3134 1419
XML [37] 16.54 3811 50.41  88.22 XML [37] - 3075 1341

ReLoNet 16.96 39.28 51.34 8846 ReLoNet 4814 2949 1313
ReLoCLNet 22.13 4585 57.25  90.21 ReLoCLNet 49.87 _ 31.88 _ 15.04

FLAT [78] 5.37 - 2914 71.64 FLAT [78] 5758 3960  22.59

HAMMER [78] | 5.89 . 30.98  73.38 HAMMER [78] | 59.18 4145  24.27

ANetCaps g T oNet 7.02 2442 3524  78.08 ANetCaps |2 eToNet 39.27  23.67 1455
ReLoCLNet 9.64 28.02  40.26 _ 79.13 ReLoCLNet _42.65 2854 1776

18
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Experiments

The effects of different objectives on TVR dataset (VR=Video Retrieval, ML=Moment Localization,
VideoCL=Video Contrastive Learning, and FrameCL=Frame Contrastive Learning)

VCMR VR SVMR

Recall@k, IoU=0.5 | Recall@k, IoU=0.7 Recall@k Recall@k, IoU=0.5 | Recall@k, IoU=0.7

ML VideoCL FrameCL| 1 10 100 1 10 100 1 10 100 1 10 100 1 10 100

= - — = = = 16.23 49.33 87.38 - = - = = =

- - - 30.21 59.81 83.43 | 13.91 41.55 68.51
546 16.65 35.08 | 2.71 9.37 22.87|16.96 51.34 88.46|29.49 54.06 75.89 | 13.13 35.46 58.84
6.63 18.16 39.69 | 3.24 11.78 27.69 | 20.69 55.70 89.71| 29.52 57.32 78.65 | 13.76 38.26 64.27
721 20.04 4245|375 12.77 30.32|19.81 54.38 88.96 | 31.75 62.20 8599 | 14.73 44.60 7144
8.03 21.37 44.10|4.15 14.06 32.42|22.13 57.25 90.21|31.88 63.89 86.67 |15.04 45.24 72.12

Objective

SRR xRS
N X {|%X X %
RS XX X %

X
v
v
v
v
v

VideoCL contributes to performance improvements on both VCMR and VR, while it achieves marginal improvements on
SVMR. VideoCL is in line with video retrieval objective.

FrameCL contributes to all three tasks. FrameCL guides the model to search for boundaries of target moment for precise
moment localization.
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Experiments

31.44 vs. 28.21

Recall@1 and Recall@10 of VCMR on TVR/ver different loU thresholds.

160~ .- 320-
15.31 vs. 10.97 =340 \x.\ -#-. ReLoNet 28.0- ‘\‘:""\x ~#-. ReLoNet

= 1207 e —A— ReLoCLNet = 24.0- .~ —a— ReLoCLNet

BTSSR 20.0- RIS

2 i i ~

& 8.0 R 16.0- ot

o 6.0 L 12.0- s T

5 4.0 S 8.0- e

e ol ~~h;}* 48 \\\=‘\

0.0 4.80 vs. 2.68

01 02 03 04 05 06 0.7 08 9 a9 01 02 03 04 05 06 0.7 08 09
Recall@1, IoU=u Recall@10, IoU=u

1.01 vs. 0.61
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Experiments

Visualization

. Ground Truth 31.30s |« »]85.62s

]
(ReLoNet 15.69s | »] 118.10s )
(ReLoNet + VideoCL 18.74s|e >]118.10s )
[ReLoNet + FrameCL 25.83s e »82.12s )

. , - : S ul | o &

Ground Truth 5221s|e >]105.62s )
(ReLoNet 83.45s] 1120.02s )
[ReLoNet + VideoCL 79.13s ]117.58s )
[ReLoNet + FrameCL 45.62s 1108 43s )
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Conclusion
« We analyze two common approaches for VCMR task and study their pros and cons.

« We propose a Retrieval and Localization Network with Contrastive Learning
(ReLoCLNet) for video corpus moment retrieval (VCMR) task.

« We introduce two contrastive learning objectives (VideoCL and FrameCL) on top of a
unimodal encoding approach to address the contradiction between retrieval efficiency
and retrieval quality.

« Extensive experimental studies show that ReLoCLNet addresses VCMR with high

efficiency, and its retrieval accuracy is comparable with state-of-the-art methods
which are much costly in terms of computation.
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Thank Youl!
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