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Datasets + Labels
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Datasets—Labels SeltSupervised Learning for Visio

Image Colorization Image Inpainting

[Zhang et al. ECCV 2016]

Jigsaw puzzles
: [Pathak et al. CVPR 2016]

Relative Location Prediction

Example:

[Norooziet al. ECCV 2016] [Doerschet al. ICCV 2015]
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Datasets-Labels SeltSupervised Learning for NLP
BERT & CPT-2
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Pretraining + Finetuning
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Two-Stage Training Pipeline

Large, Noisy, Cheap Data
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Generalization

Large, Noisy, Cheap Data

P — Pretraining Task |

Pretraining Task Il

Model ) < -
Pretraining Task Il

Little girl and her dog in northern
Thailand. They both seemed < .
interested in what we were doing —

Model Model Model Model Model Model Model | | Model | | Model
I | 1l 1\ V VI VII VIl | X




VILBERT B2T2 LXMERT VLP 12-in-1 OSCAR
facebook G Google DUNC B® Microsoft facebookGir(S B® Microsoft W

Aug. 6th, 2019 Aug. 14th, 2014 Aug. 20th, 2014» Sep. 24th, 201|9

Dec. 5th, ZOIL Apr. 13th, 2024

Aug. 9th, 201

Aug. 22nd, 201

Apr. 2nd, 202

VisualBERT  UnicoderVL VL-BERT_ UNITER PixeFBERT
Ai2 M | H Microsoft:z@:; B Microsoft(c)) B= Microsoft B® Microsoft ,

UniViLM
VideoBERT CBT B Microsoft _ HERO
Google Google O=® B® Microsoft

Apr. 3rd, 201 Feb. 15th, 2020

Dec. 13th, 2019

oS,
il i HICAL
WICAL | &*’n“ “,
& “, 1 NS
- o ke )2 WA S
2a— LWSE ENS % ®er
."’P n°“°. COLE NORMALE W pgpa®

lorzia— b DeepMind

Downstream Tasks
OVQA ©VCR ©NLVR2
o Visual Entailment
o Referring Expressions
o ImageText Retrieval
olmage Captioning

Downstream Tasks
©Video QA
©Video-andLanguage

Inference
©Video Captioning
©Video Moment Retrieval
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Pretraining Data



PretrainingVision+Languagdata
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Free Data for Vision + Language
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Free Data for Vision + Language

_ Kiss from Alpaca . @&

#nationalalpacafarmdays #alpaca
#laadventure
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Free Data for Vision + Language

-. Follow

Bluebird Farm Alpacas

The alpaca was actually
walking me, and I'm okay with that
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Common Prdraining Data for Vision + Language

In-domain Out-of-domain

Split  COCO Captions VG Dense Captions  Conceptual Captions  SBU Captions

train 533K (106K) 5.06M (101K) 3.0M (3.0M) 990K (990K)
val 25K (5K) 106K (2.1K) 14K (14K) 10K (10K)

SBU Caption
Conceptual Caption e

Alt-text: A Pakistani worker helps
to clear the debris from the Taj Ma-
hal Hotel November 7, 2005 in Bal-
akot, Pakistan.

Conceptual Captions: a worker
helps to clear the debris.

Little girI and her dog in northern
Thailand. They both seemed
interested in what we were doing

https://github.com/lichengunc/pretraiavl-data



https://github.com/lichengunc/pretrain-vl-data

Feature Representations
for Vision and Language



Visual and Language Features
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Visual and Language Features
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Visual Features

N regions HxW grids

Winner of
VQA Challenge 2020
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Pre-2017: grid feature maps  Post-2017: region features
[Ren et alNeurlPS2015] [Anderson et al, CVPR 2018] [Jiang et al, CVPR 2020]



Model Architecture



VILBERT B2T2 LXMERT VLP 12-in-1 OSCAR

= "CRYT Bl Mi
facebook G Go gle DUNC gf Microsoft fﬂCEbOOkGrI]SU 5 Microsoft W BT e TR

©VQA 9VCR ©NLVR2
o Visual Entailment

o Referring Expressions
o ImageText Retrieval
olmage Captioning

Aug. 6th, 201

Aug. 14th, 2014 Aug. 20th, 2014) Sep. 24th, 201|9 Dec. 5th, 20113

Apr. 13th, 2024

Apr. 2nd, 202

VisualBERT  UnicoderVL VL-BERT UNITER PIXEl—BERT
i ©) @F Microsoft 2 Microsoft (i

[CLS] A young man playing frisbee [SEP] % . . . l ] ] ] ] I
(a) Single-stream Model. [CLS] A young man playing frisbee [SEP] .

(b) Two-stream Model.
[Behand the Scene; Cao et al 202



VILBERT B2T2 LXMERT VLP 12-in-1 OSCAR
acebook Google DUNC |8® Microsoft 2 facebookGir(Sy B® Microsoft W

Downstream Tasks
©VQA ©VCR ©NLVR2
o Visual Entailment
o Referring Expressions
o ImageText Retrieval
olmage Captioning

Dec. 5th, 201 Apr. 13th, 202

Apr. 2nd, 202

VisualBERT  UnicoderVL VL-BERT UNITER PixetBERT
i ©) @F Microsoft 2 Microsoft (i

(a) Single-stream Model. [CLS] A young man playing frisbee [SEP] é .
\ (b) Two-stream Model.

[Behand the Scene; Cao et al 202



VILBERT
facebook G

LXMERT
DUNC

B2T2
Google

"

VLP

Microsoft

OSCAR

Microsoft W]
Downstream Tasks

12-in-1
I»J [fucebookc-rus[ﬂ [IE

Aug. 6th, 201

Aug. 9th, 201

©VQA ©VCR ©NLVR2
o Visual Entailment

o Referring Expressions
o ImageText Retrieval

Dec. 5th, 201p Apr. 13th, 202(

Apr. 2nd, 202

Ai2 Uela

[VisuaIBERT] [UnicodelC

UNITER

BT Microsoft

olmage Captioning
Pler—BET

Mlcroso

Model Architecture:

(a) Single-stream Model.

[CLS] A young man playing frisbee [SEP]

(b) Two-stream Model.
[Behand the Scene; Cao et al 202



Single Stream Architecture

Transformer
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[UNITER; Chen et al2019]



Single Stream Architecture

(Image Embedder )
Image Feature
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[UNITER; Chen et al2019]



Single Stream Architecture

(Image Embedder )
Image Feature

i i

[ R-CNN ] [ Location]
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(Text Embedder )
Text Feature
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[ Token ] Position
. Y,

[UNITER; Chen et al2019]
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Pretraining Tasks

(image Embedder ) ( \ (Text Embedder )
Image Feature | 3 : ! Ji ' ! - | Text Feature
J ; | : . -Transformer : : ;
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Masked Language Modeling (MLM)

[UNITER; Chen et al2019]



Pretraining Tasks

(image Embedder ) ( \ (Text Embedder )
Image Feature | 3 : ! Ji ' ! - | Text Feature
J ; | : . -Transformer : : ;
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Masked Language Modeling (MLM)  Masked Region Modeling (MRM)

[UNITER; Chen et al2019]



Pretraining Tasks

UNITER Model
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Masked Language Modeling (MLM)  Masked Region Modeling (MRM) Image-Text Matching (ITM)



Pretraining Tasks

Image Regions: Vv = {Ul, e UK}
Sentence Tokensw = {wq, ..., wr}

|
UNITER *] Masking Indices:m € N

e
A

"; % 3 I ) I I z|
| I man with his [MAsk]€

Loss Function oMasked Language ModeliriyILM):

Masked Language Modeling (MLM)
ﬁMLM(H) — _E(W,V)ND log PQ(Wm’W\m7 V)'



Pretraining Tasks

Image Regions: Vv = {Ul, e UK}
Sentence Tokensw = {wq, ..., wr}
gtl

Masking Indices:m € N

Loss Function oMasked Region Modeling

UNITER Lyrn(0) = Ewv)~n fo(Vin [ Vim, W)
S S S S
W8 man with his dog € 1) Objective ofMasked Region Feature Regressio(MRFR)

Masked Region Modeling (MRM)

fo(VanVim, w) = D ho(viR) = r(vi)II3



Pretraining Tasks

Image Regions: Vv = {?}1, e UK}
Sentence Tokensw = {wq, ..., wr}

09 Masking Indices:m € N

Loss Function oMasked Region Modeling

UNITER Lyrn(¥) = Etw v)~p 6 (V| Vim, W).
e~ IR N S S
8l man with his dog € 2) Objective ofMasked Reqion Classificatiof(MRC)

m (0)
Masked Region Modeling (MRM) Jo(Van|Vim, W ZCE (Vi)



Pretraining Tasks

Image Regions: Vv = {?}1, e UK}
Sentence Tokensw = {wq, ..., wr}

Masking Indices:m € N

Loss Function oMasked Region Modeling

UNITER Lyrm(0) = Eiw,v)~n fo(Vin[Vim, W).
e~ IR N S S
8l man with his dog € 3) Objective oMasked Reqion Classificatiori_ KL Divergence (MRC-kl)

m z) (2)
Masked Region Modeling (MRM) Jo(Vin|Vim, W ZDKL Vi )[190(Vin))



Pretraining Tasks

Y- o Image Regions: V = {Ul, ees ’UK}

' Sentence Tokensw = {wq, ..., wr}
UN”;ER+ b +]

; Q‘;’:\ 1 1 I L Al
B S (CLS] the bus is  © Loss Function ofmage-Text Matching (ITM)

Image-Text Matching (ITM) Litm(0) = —Ewwv)~pylog se(w,v) + (1 — y) log(1l — sp(w, v))]).




Pretraining Tasks

AUNITER: WorRegion Alignment
AVLP: Lefto-Right Language Modeling
A12-in-1: Multi-task Learning
ALXMERT: Multask Learning

AOSCAR: Mulitiew Alignment (tokens, tags, regions)
AX



Downstream Tasks



Downstream Task 1: Visual Question Answering

What color are her eye? How many slices of pizza are there?
What is the mustache made of? Is this a vegetarian pizza?

: _alit
Is this person expecting company? Does it appear to be rainy?
What is just under the tree? Does this person have 20/20 vision?

[Antol et al., ICCV 2015]



Downstream Task 1: Visual Question Answering

_ . I - black A

!

UNITER
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e

[C|_S] What  color are

What color are her eyes?



Downstream Task 2: Visual Entaillment

e Two woman are holding e Entailment
packages.
e The sisters are hugging e Neutral

goodbye while holding to
go packages after just
eating lunch.

e The men are fighting e Contradiction
outside a del.

Premise Hypothesis Answer

[Xie et al., 2019]



Downstream Task 2: Visual Entaillment

EntailNeutral/Contradict
I

UNITER
. B ! ! ! !

4l (cLs] two woman are e

Two woman are holding
packages.



Downstream Task 3: Natural Language for Visual Reasc

AR R L e ¢ g , gt L s : : /‘; i 5
The left image contains twice the number of dogs as the right One image shows exactly two brown acorns in back-to-back caps
image, and at least two dogs in total are standing. on green foliage.

o

[Suhretal., ACL2019] -



Downstream Task 3: Natural Language for Visual Reasc

True/ False

T

concatenate
| |
UNITER ] UNITER
1! ! ! ! ! ! ! ! ! !
flicls] the  left image © [cLs] the  left image ©

7 A . 0 y Al O T T
LA : S . USR], o0 SRS N
S PR QG e

The left image contains twice the number of dogs as the right

image, and at least two dogs in total are standing.




Downstream Task 4: Visual Commonsense Reasoni

Why is [person4ﬁ] pointing at [ person1 ﬂ]?

——a) Heis telling [person3/i.4] that [person1 ﬂ] ordered the pancakes.
b) He just told a joke. -
c) He is feeling accusatory towards [personi ].
d) Heis giving [person1 ﬂ] directions.

| choose (a) because:

a) [person1 & ] has the pancakes in front of him.

b) [person4 | is taking everyone’s order and asked for clarification.

c) [person3 e ] is looking at the pancakes and both she and
[person2 m] are smiling slightly.

—> d) [person3 &4 ] is delivering food to the table, and she might not

know whose order is whose.

[Zellers et al., CVPR 2019] "~



Downstream Task 4: Visual Commonsense Reasoni

UNITER ]7
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UNITER ] a)
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b) He just told a joke. .
c¢) Heis feeling accusatory towards [personi ﬂ]
d) Heis giving [personi ﬂ] directions.
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Downstream Task 5: Referring Expression Comprehen:

==

S
Il

woman washing dishes

[Kazemzadelet al., EMNLP 2014]



Downstream Task 5: Referring Expression Comprehen:




Downstream Task 6: Imagiext Retrieval

Y
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Image
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aa girl with a cat on grasd™|




Downstream Task 6: Imagiext Retrieval

aa girl with a cat on grasd™|

Y
N

Image
DB

Afour people with ski pol
& our skiers hold on t
Ga group of young men
.cskiers pose for a pic
a group of people cro

X

w —+ = 0



Downstream Task 6: Imagiext Retrieval

-

Lee et al., ECCV‘Z‘ 1



SeltSupervised Learning for Vision + Language




Optimization for Faster Training

ADynamic Batching
AGradient Accumulation
AMixed-precision Training



Optimization for Faster Training

ADynamic Batching
ATransformer (selattention) iSO(L2) (L: number of word + region)
ACommon practice: pad the input to the same maximum length (too long)
AOur solution: batch data by similar length and only do minimum padding

} Saved computation

Conventional Batching Dynamic Batching



Optimization for Faster Training

gpul | .‘
AGradient Accumulation eoud ‘
AFor large models, the main training bottlene e
IS network communication overhead ‘
between nodes
AWe reduce the communication frequency, ™' !
hence increase overall throughput | |
gpud | ;
time

computation

communication
idle

[Ott et al., WMT 2018]



Optimization for Faster Training

AMixed-precision Training
ABring in the benefits from both worlds of -bft and 32bit
A2x~4x speeduwompared to standard training

____________FpiS Fp32

Speed Fast Slow
Memory Low High
Numerical Stability Bad Good

apex fttps://github.com/NVIDIA/&Qex



https://github.com/NVIDIA/apex

SeltSupervised Learning for Vision + Language




VLBERT Unicoder UNITER

Tasks SOTA ViLBERT VisualBERT LXMERT
(Large) -VL Base Large
VQa  testdev| 7063 7055 7179 5 70.80 7242 |72.70 382
test-std | 70.90  70.92  72.22 - 71.00 72.54 [72.91 [7d
S O A + Q—A [7260 7330 75.80 = 71.60 - 75.00 773
I O aS S VCR QAR |7570 7460 | 7840 : 73.20 - |77.20 80.8
QAR |55.00 54.80 | 59.70 : 52.40 - |5820 62
S dev  [5480 - - 5 67.40 7400 |77.18
(Early 2020) NINB il |53mm 2 5 67.00 7450 |77.85
SNLL  val 7156 - 5 5 - - [7859
VE test 71.16 = - - - - 78.28 i
R@1 - 3186 : 48.40 . - le6.16 8
AVQA_ U N ITER (ZFSh;i) R@5 - 61.12 - 76.00 - - 88.40 &
. RQ10 | -  72.80 - 85.20 - - |92.94
T R@1 [4860 53.20 - 71.50 - - 72.52 "
A r, RG5 | 7770 8490 - 91.20 - ; 92.3
VC R . U N ITE R RQ@10 [85.20 91.52 - 95.20 . - 96.0
. - RG1 [3860 - g 48.40 - ~ [50.33
coco, R@5 (6930 - ; 76.70 - - |7852
AG A N S M* RQI0 |80.40 - : 85.90 . - |86
QA: [Hudson et al.NeurlPS2019] I = e
iy ROS - - - 85.80 - : ,
R@10 | - : : 92.30 . - |98.00
ANLVR2: UNITER Rl o s (50
iy BG5S [9030 - . 96.30 - - |o7i0
RQ10 |95.80 - : 99.00 : - 198.80
AV I E t I t U N ITER R@1 50.40 - = 62.30 - - 64.40
ISUa Ntaliment. TR Ras |g220 - : 87.10 ] - 8740
(COCO) R@10 [90.00 - : 92.80 - - |93.08
. . val 87.51 5 5 5 ~ 19164 8
AlmageText Retrieval: UNITER ma w11 ok
Ref-  testB |87.05 - - - - - 90.46 91.1¢
] ] COCO val® [77.48 - - = - T |81.24 81.4:
Almage Captioning: VLP A
. testB? | 70.32 - = = = = 73.94 74
val 7538 - 80.31 : : ~ [83.66 |84
. . ] testA  |80.04 - 83.62 - - - 86.19 &
AReferring Expressions: UNITER e s lew me T |nw
COCO+ val? 68.19 72.34 72.59 : . : 75.31
testA? |75.97  78.52 78.57 - - = 81.30
testBY | 57.52  62.61 62.30 - - . 65.58 ¢
val 8176 - B 5 - T (8652
* without V+L pre-training Coc0p ot - - - .
test? |69.46 . = s = = 74.51 75




Moving Forwardeé

Alnterpretability of VLP models
AVALUE [Cao et al., 2020]

ABetter visual features
APixelBERT [Huang et al., 2020]
AOSCAR[Li et al., 2020]

AAdversarial (pretraining for V+L
AVILLA [Gan et al., 2020]



What do V+L pretrained models learn?

VALUE: Visionr-And-L anguagdJnderstandindcvaluation

p Probing visual relations
Type: wear

Input Image

Je

p Probing visual coreferences Probing multimodal
Type: person fusion degree

is directing traffic [SEP] }—

Probing modality Probing linguistic
importance knowledge

[Value, Cao et al., 2020} *



Probing Prelrained Models

ASinglestream vs. twestream

AAttention weight probing
A12 layers x 12 heads = 144 attention weight matrices

AEmbedding probing
A768dim x 12 layers



Modality Probing

AVisual Probing [ Ja PrObin%\Fl)i:J:llers:ations
ALinguistic Probing

ACrossModality Probing Jo

Probing visual coreferences ||Probing multimodal
Type: person fusion degree

r%\—is directing traffic [SEP] ’—
. e A

v
Probing modality Probing linguistic

importance knowledge

\_ J O\ J




Modality Probing

AVisual Probing
AVisual relation detection (existence, type)
AVG dataset; tof82 frequent relations

Input Image

Probing visual relations

Type: wear




Modality Probing

AVisual Probing

ALinguistic Probing
A Surface tasks (sentence length)
ASyntactic tasks (syntax tree, top ¢
ASemantic tasks (tense, subject/obje

Input Image

[_is directing traffic [SEP] )-

Probing linguistic
knowledge




Modality Probing

AVisual Probing
ALinguistic Probing

ACrossModality Probing
AMultimodal fusion degree
AModality importance
AVisual coreference



VALUE :
VisionrAnd-L anguagdJnderstandindsvaluation

1. Crossmodal fusion:

a. In singlestream model (UNITER), deeper layers have more arasial
fusion.

b. The opposite for twstream model (LXMERT).
2. Text modality Is more important than image.

3. In singlestream model, some heads only focus on enosdal
Interaction.

4. Visual relations are learned in gir@ining.
5. Linguistic knowledge can be found.



From Region Features to Grid Features

Masked Language Modeling  Masked Rol Classification

with Visual Clues with Linguistic Clues
A A
bottle [Cat]
A 0

Visual-Linguistic BERT

t 0 () i 2 1

from [MASK] [SEP] [IMG] [IMG] [END]
+ + + + + re
Ve 7 A ~=-l 7 4
+ + + + + +
A A A & C | G
+ + + + + T+
4 5 6 7 7 || s

e S—

ion Image Regions

~

 Fully Connected}
4

Appearance

Feature

Geometry

Embedding
()

| Fast(er) R-CNN |

A N

Regions of

Interest

[VL-BERT; Suet al., ICLR 2020]

Pixel-BERT

[Pixel-BERT; Huang et al., 2020]
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Object Tags as Input Features

A A /
: . : . Ir = w V| = w (¥ =&
OscAR ObjectSemantcs Aligned R e-training | ~— ’&,_/] [J ’ \/]
image image
Contrastive Loss Masked Token Loss
Fawes (] O O O O OO0 OC O OO O O O
Network Multi-Layer Transformers
mbedins ) A A A O OO O O[O O OO O
( ] =
[CLS] A dog is |[MASK] on a [SEP] || dog -~ - 3 B
Data S ~~ g S e g g
Word Tokens Object Tags Region Features
— J
Image
Modality - .
Dictionary nase >

[OSCAR; Li et al., 2020]



VILLA :

VisionandL anguagd. argescaleAdversarial training

\ : ase

Word Embedding Regional Feature | ,
[ Adversarial Perturbation [CLS] A dog lying on the grass next to a frisbee [SEP]

]

Jawuoysuel) 1aAet-1InAl

[

—

Adversarial Pre-training:
O Masked Language Modeling (MLM)
O Image-Text Matching (ITM) O ...

(Advgrsarial Finetuning: B
oVQA oVCR oNLVR2

o Visual Entailment

oReferring Expression Comprehension

kolmage-Text Retrieval o... )

[VILLA; Gan et al., 2020]

RN



VILLA :

VisionandL anguagd. argescaleAdversarial training

72
1. Taskagnostic adversarial pteaining o
2. Taskspecific adversarial finetuning g 8
< 66 -
3. fFreeo adversari al Z
AFreelLB[zhu et al., ICLR 2020]
AKL-constraint
. . 71.00 -
4. Improved generalization -
ANo tradeoff between accuracy and robustness £ 700
< 70.25
Method VQA VCR NLVR? SNLI-VE S 70.00
test-dev  test-std Q—A QA—R Q—AR dev  test-P  wal test 69.75
VL-BERT Arge  71.79 B2 22 755(75 8) 779(784) 58.9 (59.7) -
OscarLARGE 73.61 73.82 = 79.12 80 37
UNITER| ArGE 73.82 74.02 7722(773) 8049(808) 62.59 (62.8) 79.12 7998 79.39 7938
VILLA; ArRGE 74.69 74.87 78.45(78.9) 82.57(82.8) 65.18(65.7) 79.76 81.47 80.18 80.02

UNITER
VILLA-pre
VILLA-fine
VILLA

1000 2000 3000 4000 5000 6000
Number of Training Steps

—s— Std. Pre-training
—e— Adv. Pre-training

100000 150000 200000

Number of Pre-training Steps

50000

(a) Standard vs. adversarial pre-training.



SOTA of V+L Tasks

AVQA: UNITER

AVCR: UNITE
AGQA: NSM*

R

[Hudson et al.NeurlPS2019]

ANLVR2: UNITER

AVisual Entailment: UNITER
AlmageText RetrievalUNITER
Almage Captioning: VLP
AReferring Expression§INITER

*. without V+L pre-training



SOTA of V+L Tasks

AVQA: VILLA (single) GridFeat+MoVié (ensemble) {Eﬂ@fee;aé‘g]fy”egneeﬂa;ii,%Sgﬁ 202
AVCR: VILLA

AGQA: HAN* [Kim et al., CVPR 2020]

ANLVR2: VILLA

AVisual EntailmentVILLA

AlmageText RetrievalOSCAR

Almage CaptioningOSCAR

AReferring Expression¥ILLA * without V+L pre-training



Takeaway

ASOTA pretraining for V+L
A Available datasets
AModel architecture
APretraining tasks

AFuture directions
A Study the representation learned bypre ai ni ng Y pruni ng/
ABetter visual feature¥ endto-end training of CNN
AReasoning tasks (GQA)

Compute



Beyondimage+TextPre Training

ASelf-supervised learning for visieandlanguage navigation (VLN)

APREVALENT [Hao et al., CVPR 2020]
AVLN -BERT [Majumdar et al., 2020]

AVideo+Languagéretraining



SeltSupervised Learning for VLN

Objectives
Features

Cross-modal

Single-modal

Embeddings

Inputs

-90 0 20 180

[PREVALENT; Hao et al., CVPR 2020]

| | Energy(path, instruction)

vision stream <
cross-modal

MG | v || 1 | L

language stream

attention  ers] [Turn] [right] --- [door

Language-Only

Image-Caption Pairs
(Wikipedia and BookCorpus)

(Conceptual Captions)

Path-Instruction Pairs
(Room-to-Room)

v

A couch, also known as a|sofa
is a piece of furniture for

seating two or three people...

bluen the living room Turn right and into the living room. Walk

past theand stop by the door.

Training Curriculum

[VLN -BERT; Majumdar et al., 2020]



Video+Languagé’re Training

UniViLM

HERO
B" Microsoft

VideoBERT CBT
Google Google

Apr. 3rd, 201 Jun. 13th, 201

Jun. 7th, 2019

FTS,
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> | & f ST B
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Lo edoa— b DeepMind

Downstream Tasks
©Video QA
©Video-andLanguage

Inference
©Video Captioning
oVideo Moment Retrieval




Self-supervised Learning for
Video-andLanguage



UniViLM

vgeoBllzRT GCBTl B® Microsoft  __HERO )
Microso
oogle oogle - Downstream Tasks
Apr. 3rd. 201 Feb. 15th, 2020 ULl QA
pr. 3rd, €o. o0, ©Video-andLanguage
Inference

Dec. 13th, 2019

©Video Captioning
oVideo Moment Retrieval

HowTol00M - MIL-NCE
@Gn“‘c“t “, i f&:'“'_““{ a”;t_
4 g Nz .’/'_“ H a 7 sF]
e aa“". COLE NORMALE PRAG!
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Video + Language Pr&aining

Keep rolling tight and squeeze the air out to its side
and you can kind of pull a little bit.

Image credits: https://ai.googleblog.com/2019/09/learsimgsmodattemporal.html



Video+ LanguagePretraining

Video: Sequence of image frames
Language: Subtitles/Narrations

Keep rolling tight and squeeze the air out to its side and you
can kind of pull a little bit. /

Image credits: https://ai.googleblog.com/2019/09/learsimgsmodattemporal.html



Pretraining Data for Video + Language

TV Dataset
[Lei et al. EMNLP 2018]

(Beckett:)Mr. Strange, did any of your illusions

require the use of an explosive?
00:04
- TERRI EDDA MILLER
TR 00:01 o) ===@ CCIE « BV

A 22K video clips from 6 popular TV shows
A Each video clip is 6®0 seconds long
A Dialogue (ficharacter

Image credits: from the original papers

name:

HowTol00OM Dataset
[Miech et al. ICCV 2019]

A 1.22M instructional videos from YouTube
A Each video is 6 minutes long on average
s u/A tNarratiores in differest lapguages i d e d



