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Problem Statement

* Vision Language Pretraining is key

It requires
» Text encoder
* Vision encoder
* Loss function

* With these papers we will study:
e Vision encoder
* Loss function
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Problem Statement

* Picking the visual representation is
usually a big bottleneck

* Region Based Features

e Grid Features

« Patch Projection
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Three Approaches

Region Based
Features

Region Feature Generation

Image Input

For instance as in last
week

Pixel Level
Features

CNN
Backbone

Patch Level
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Three Approaches

Pixel-BERT VinVL ViL.T

* Object detection is « Improve object * No object detection
limiting factor detection is needed

« CNN « CNN * Transformer

 Pixel level * Region Feature « Patch Embeddings
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General VLM pipeline

1. Use a pretrained OD model to encode an image

2. Use a cross-modal fusion to align text + image

Georgia
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Pixel-BERT

Q: What is the plane doing? Q: Is the girl touching the ground? Q: Is the animal moving?
A: Taking off A: No A: Yes
Example (A) Example (B) Example (C)
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Pixel-BERT

* Region based features are designed
for certain tasks (object detection)

* This leads to an information gap

* Bounding a region doesn’t give
language understanding!

* We need something else!
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Q: What is the plane doing?
A: Taking off

Example (A)
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Pixel-BERT
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Loss Functions

 Masked Language Modeling * Image-Text Matching

Machine ————————— [IGNORE]
[MASK] - — ~ learning
is [IGNORE]
fun | -------- [IGNORE]
[PAD] " [IGNORE]
[PAD] [IGNORE]

ngut "~ g SI{seis:he animal moving?

Lyvim(9) = —Ew,n~p 108 Po(wm W\, 1), | Litm(0) = —Ew n~plylog Se(w,I)
+ (1 —y)log(1 — Sg(w,I))],
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General VLM pipeline

1. Use a pretrained OD model to encode an image
2. Use a cross-modal fusion to align text + image

e The OD model was treated as a black box
* A very old OD model was being used
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Vin-VL

 If object detection is the bottleneck, lets
fix it!

%tums ar@ [rn@t @nmgw

 Better model

 Better data

14
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Data

 Make sure that we have at least
2000 samples per class for Objects
365/0pen-Images

o Balanced every dataset (25% eaCh) Source | VG | COCO w/ stuff | Objects365 | OpenlmagesV5| Total
Image | 97k 111k 609k 1.67TM 2.49M
classes | 1594 141 365 500 1848

Sampling | %8 X8 CA-2k, x2 CA-2k 5.43M

* Merge vocabularies

e Georgia
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Model

* Feature Pyramid Network (FPN)
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(d) Feature Pyramid Network

predict

predict

predict

* Resnet C4
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Model

* Feature Pyramid Network (FPN) * Resnet C4

* Outperforms C4 for object detection « Better visual features

* The reason for the improvement is that
C4 leverages pretraining better
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Loss Functions

e The use a similar loss to pixel-bert

Lpre-training = LmrL. + LcLs-

» Specifically the contrastive loss is:

Lews = —Ey g viep 108 0(clf(w, q,v)),

z2(w, qguv ) o (w,q, v )
P N~ N

e Where caption tags&image Q&A  image
e ¢c=0 ----- > triplet is matched
e c=1---- > w is polluted
°* C=2--—---- > q 1s polluted
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Ablations

e They perform ablations on Visual Question Answering (VQA)

Who is wearing glasses? Where is the child sitting?
man woman fridge arms

* The model picks an answer from a set of options (3129)

Georgia
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Ablations

* The first ablation shows the effect of each pretraining

OSCARB OSCAR+p

u no VLP [21] (ours)

vision
R101-C4 [2] | 68.52 40.11 72.38 72.4640.05
VinVL (ours) | 71.34 +0.17 - 74.90+0.05

Table 12: Effects of vision (V) and vision-language (VL) pre-training on VQA.
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Ablations

 The second ablation shows the effect of data/model size

e model | pso PN R50-C4  RIOI-CA[2]  X152-C4
VG 6735026 67.86+031 6852 +0.11 69.10+0.06
4Sets>VG | 68.340.11  68.39+0.16 - 71.34 +0.17

Table 13: Ablation of model size and data size on training vision models.

e Georgia
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Ablations

* The second ablation shows the effect of vocabulary size

Dataset name ImageNet VG-obj VG w/o attr VG [2] VG 4Sets— VG
#obj & #attr 1000 & 0 317 & 0 1594 & 0 1600 & 400 1594 & 524 | 1848 & 524

R50-C4 + BERTg | 66.13+0.04 | 64.25+0.16 66.51+£0.11 67.63+0.25 67.86+0.31 | 68.39+0.16

Table 15: Effect of object-attribute vocabulary. We use all grid features (maximal 273) for the ImageNet
classification model (first column), and maximal 50 region features for OD models (other columns).

(3 Georgia
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Vi-LT

 Most VLP models use an object

detector

* Pixel Bert is an exception

 Can we improve the visual

embedders?

23

Region Feature

(VILBERT, UNITER, ...) '

Grid Feature
(Pixel-BERT)

Patch Projection
(Ours)

Visual Embedding Schema

S R S AR R SRS A N SR S i S S
| CNN Region | .
HHIEE Backbone ‘Operations | .
( onn )
Image Backbone | :
Modality

: Interaction
I | Linear -
mage Embedding | |

Text Linear
e | Embedding
ey

Running Time

(Performances : NLVR2 test-P Acc. / F30K TR R{@ 1 / F30K IR Riz1)

UNITER-Base
(75.8/85.9/725)

Pixel-BERT-R50
(72.4/75.7/53.4)

ViLT-B/32 (Ours)
(76.1/83.5/64.4)

~75 ms ~& 10 ms .
(RIO1} {RPHNs, Rol Align, NMS, and Rol Heads) ;g ~300 ms
~45 ms

60 ms I
(&30 ~15 ms
(BERT-base-like)

~15ms

k\-..__ ~0.4 ms

(Linear Embedding)
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Taxonomy of VL models

/oL N\ \

Modality Modality IModah_ty Ini[odaltl_ty
Tkt Tileriction nteraction nteraction
C ] L * ? ] o
(J_\ 7 R A ‘\] /—L\
Visual Textual | | Visual Visual
Textual | Embed Embed | | Embed Textual | Embed Textual Visual
Embed Embed Embed Embed
( b '@ , Kh 8 J ( ) & J @ ) C D)
1 £t ot 1
Text Image Text Image Text Image Text Image
(a) VE > TE > MI \(b) VE = TE > MI/ (¢) VE > MI > TE (d) MI > VE = TE

Figure 2. Four categories of vision-and-language models. The height of each rectangle denotes its relative computational size. VE, TE,
and MI are short for visual embedder, textual embedder, and modality interaction, respectively.
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Clip Limitations

* CLIP embeddings might not allow
solving harder questions like
NLVR2

* CLIP results in 50.99% accuracy
* Chance is 50%!

* The lack of fusion doesn’t allow
learning complex interactions

25

The left image contains twice the number of dogs as the
right image, and at least two dogs in total are standing.

One image shows exactly two brown acorns in
back-to-back caps on green foliage.
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Visual Representations

* Region Feature * Grid Features * Patch Projection
* Vin-VL * Pixel-BERT * Vi-LT
« Expensive and  CNNs can be expensive  * Cheap and simple
complicated object linear projection

detection pipelines

Georgia
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ViT Model

Vision Transformer (ViT) i Transformer Encoder
|
|
?—I/[eLaE ! L= [tulass; f‘lT; e ;t‘LT] + s [l)
I 3
i n ¥ = [Vggass; 1 V- - - junV] + VE® (2)
Transformer Encoder : ,z”' — [f + tl}'P‘:; U+ T_;l]r'F"":] [3}
| % pabs sl
‘ , : 29 = MSA(LN(z% 1)) + 2471, d=1...D 4
Pembeddmg . > O 1) B @60 ) & : Multi-Head ) )
Atention 2% = MLP(LN(2%)) + ¢ d=1...D (5
[class] embedding [ Linear Projection of Flattened Patches ] ! -- ! T
I D Ll
I p = tanh(z; W) (6)
I 0 poo
SNEHEREEE 4
-
1 Patches
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Their Model

Image Text Matching Masked Language Modeling Word Patch Alignment

----- ' - LB BN B '
Pooler H FC : True 1 MLP i Ofﬁce i

Transformer Encoder

444-3@95-4-44

Extra learnable [class] embedding

Modal-type embedding

Token position embedding

@ e @

Patch position embedding

Word Embedding Llnear Projection of Flattened Patches

T T |
a stone statue near an [MASK] & Poid - 4—.3‘

Figure 3. Model overview. Illustration inspired by Dosovitskiy et al. (2020).
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Loss Functions

 Masked Language Modeling * Image-Text Matching

Machine ————————— [IGNORE]
[MASK] - — ~ learning
is [IGNORE]
fun | -------- [IGNORE]
[PAD] " [IGNORE]
[PAD] [IGNORE]

ngut "~ g SI{seis:he animal moving?

Lyvim(9) = —Ew,n~p 108 Po(wm W\, 1), | Litm(0) = —Ew n~plylog Se(w,I)
+ (1 —y)log(1 — Sg(w,I))],
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Experiments and Results

* Question Answering

Visual 000 Time VQAv2 NLVR2 . _
Embed (ms) test-dev  dev  test-P Running Time
w/o VLP SOTA 900 70.63 54.80 53 50 (Performances : NLVR2 test-P Acc. / F30K TR R@!1 / F30K IR R@]1)
VILBERT ~920  70.55 - i ,
VisualBERT ~925 7080  67.40  67.00 VIIIER-Sase o ;g 900 ms
Region LXMERT ~900 7242 7490 74.50 (08.82:94172.5)
UNITER-Base ~900 7270 7585 75.80 . I
OSCAR-Base ~900  73.16 7807 78.36 ovroroudll  BUES
VinVL-Base ~650 7595 8205 83.08 (PRl o) L
Grid Pixel BERT-X152 ~160 7445 7650 77.20 ViLT-B/32 (Ours) e
Pixel-BERT-R50 ~60 7135 7170 7240 Fe1/835/644) M " 4
ViLT-B/32 ~15 7033 7441 74.57 (Linger Embedding)
Linear  VILT-B/32® ~15 7085 7491 7557
VILT-B/32@® -15 7126 7570 7613

Georgia
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Takeaway

31

Using a linear projection can result
in faster computations

For question answering Linear
projection are as competitive as Grid
based methods like Pixel-BERT

* Question Answering

Visual Madel Time  VQAv2 NLVR2
Embed (ms) test-dev dev test-P
w/o VLP SOTA ~900 70.63 54.80 53.50
ViLBERT ~920 70.55 - -
Visual BERT ~925 70.80 67.40 67.00
Region = LXMERT ~900 72.42 7490 74.50
UNITER-Base ~900 12,70 75.85 75.80
OSCAR-Basef ~900 73.16 78.07 78.36
VinVL-Base't ~650 75.95 82.05 83.08
Grid Pixel-BERT-X152  ~160 74.45 76.50  77.20
Pixel-BERT-R50 ~60 71.35 71.70 7240
ViLT-B/32 ~15 70.33 7441 7457
Linear  VILT-B/32® ~15 70.85 7491 7557
VILT-B/32@® ~15 71.26 75.70  76.13

~ . Georgia
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Experiments and Results

e Retrieval Tasks

32

Table 4. Comparison of ViLT-B/32 with other models on downstream retrieval tasks. We use SCAN for w/o VLP SOTA results.
additionally used GQA, VQAV2, VG-QA for pre-training. i additionally used the Open Images dataset. (@) indicates RandAugment is
applied during fine-tuning. ¥ indicates model trained for a longer 200K pre-training steps.

Visual

Time

Text Retrieval

Image Retrieval

Embeg  Model (ms Flickr30k (1K) MSCOCO (5K) Flickr30k (1K) MSCOCO (5K)

TR ms) p@l R@5 R@10 R@l R@5 R@I0 R@! R@5 R@I0 R@! R@5 R@I10
w/o VLP SOTA ~900 674 903 95.8 504 822 90.0 486 717 85.2 386 693 80.4
ViLBERT-Base ~920 : - " : - . 582 849 91.5 : " =

Reoi Unicoder-VL ~925 862 963 99.0 623  87.1 92.8 715 912 95.2 484 767 85.9
8o UNITER-Base ~900 859 97.1 98.8 644 874 93.1 725 924 96.1 503  78.5 970
OSCAR-Baset ~900 3 . . 700  91.1 95.5 ; % & 540 808 88.5
VinVL-Basett ~650 - - - 746  92.6 96.3 - - - 58.1 832 90.1

Grid Pixel-BERT-X152 ~160 87.0  98.9 99.5 63.6 875 93.6 715 92.1 95.8 50.1  77.6 86.2
Pixel-BERT-R50 ~60 757 947 97.1 59.8 855 91.6 534 804 88.5 41.1  69.7 80.5
VIiLT-B/32 ~15 814 956 97.6 61.8  86.2 92.6 61.9 868 92.8 413 720 82.5

Linear  VIiLT-B/32@ <15 BIT 912 08.1 629  87.1 92.7 622 876 03.2 26 728 83.4
VILT-B/32@® ~15 835 967 98.6 615 863 92.7 644 887 93.8 427 729 83.1
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 Retrieval Tasks

Takeaway

« Using a linear projection can result , . , .
in fast tati Table 4. Comparison of ViLT-B/32 with other models on downstream retrieval tasks. We use SCAN for w/o VLP SOTA results.
1n Iaster computations additionally used GQA, VQAv2, VG-QA for pre-training. I additionally used the Open Images dataset. (@) indicates RandAugment is
applied during fine-tuning. () indicates model trained for a longer 200K pre-training steps.

Visual Time ) Text Retrieval ) Image Retrieval
. Th ined beddi £ Emboq  Model (ms) Flickr30k (1K) MSCOCO (5K) Flickr30k (1K) MSCOCO (5K)

e pretl‘alne empeadings 1rom 8 R@! R@5 R@10 R@1 R@5 R@I0 R@! R@5 R@10 R@! R@5 R@I0
Grld/Reglon based visual encoders w/o VLP SOTA ~900 674 903 958 504 822 900 486 777 852 386 693 804

ViLBERT-Base ~920 . . & - - < 582 849 915 P < <
tend to produce better results Reed Unicoder-VL ~925 862 963 990 623 871 928 715 912 952 484 767 859
€800 UNITER-Base ~900 859  97.1 98.8 644 874 931 725 924 96.1 503 785 87.2
OSCAR-Baset ~900 . - 3 70.0  91.1 95.5 - § 2 540 80.8 885
VinVL-Baseft ~650 - - - 746 926 963 - - - 581 832  90.1
Grid Pixel- BERT-X152  ~160 870 989 995 636 875 936 715 921 958 501 776 862
Pixel-BERT-R50 60 757 947 971 598 855 916 534 804 885 411 697 805
ViLT-B/32 ~15 814 956 976 618 82 926 619 88 928 413 720 825
Linear  ViLT-B/32® ~15 837 972  98.1 629  87.1 927 622 86 932 426 728 834
ViLT-B/32@® ~15 835 967 986 615 83 927 644 887 938 427 729 831
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Other Engineering Techniques

 Image Augmentation * Whole Word Masking

* Apply random changes to images to * Mask the entire word not only some
get “more data” using RandAugment of its tokens

Geometric Transforms Color Transformations . .
« Giraffe -> [gi, raf, fe]
- Shear X - AutoContrast

- Shear Y - Invert

-Translate X -Equalize = et

- Translate Y -Solarize

- Rotate - Contrast [gi, [Mask], fe] [[Mask], [Mask], [Mask]]
- Color
-Brightness
-Shapness

Georgia
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Other Engineering Techniques

Table 5. Ablation study of ViLT-B/32. @) denotes whether whole word masking is used for pre-training. @) denotes whether MPP
objective is used for pre-training. (@) denotes whether RandAugment is used during fine-tuning.

Training Ablation VQAv2 NLVR2 Flickr30k R@1 (1K) MSCOCO R@1 (5K)
Steps W @ @ test-dev dev test-P TR (ZS) IR (£S) TR (ZS) IR (£S)
25K X X X 6896+007 7083019 7083023 7539(45.12) 5252(31.80) 53.72(31.55) 34.88(21.58)
50K X X X 6980001 7193027 7292082 78.13(55.57) 57.36(40.94) 57.00(39.56) 37.47(27.51)
100K X X X 7016 £0.01 7354002 7415027 79.39(66.99) 6050 47.62) 60.15(51.25) 40.45(34.59)
100K O X X 7033001 7441 £021 7457009 81.35(69.73) 61.86(51.28) 61.79(53.40) 41.25(37.26)
100K O O X 7021 £0.05 72776 2050 7354 047 7891(63.67) 58.76(46.96) 59.53 (47.75) 40.08 (32.28)
100K O X O 7085x0.13 74914029 7557061 83.69(69.73) 62.22(51.28) 62.88(53.40) 42.62(37.26)
200K O X O 7126006 7570032 76.13 039 83.50(73.24) 64.36(54.96) 61.49(56.51) 42.70(40.42)
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Other Engineering Tec

* Applying full word masking is
beneficial

* Applying data augmentations is
beneficial

niques

Table 5. Ablation study of ViLT-B/32. @ denotes whether whole word masking is used for pre-training. @ denotes whether MPP
objective is used for pre-training. (@) denotes whether RandAugment is used during fine-tuning.

Training Ablation VQAV2 NLVR2 Flickr30k R@1 (1K) MSCOCO R@1 (5K)
Steps ® @ @ test-dev dev test-P TR (ZS) IR (ZS) TR (ZS) IR (ZS)
25K X X X 6896+007 7083+0.19 70.83+023 7539(45.12) 52.52(31.80) 53.72(31.55) 34.88(21.58)
50K X X X 69.80+001 7193+027 7292+082 78.13(5557) 57.36 (40.94) 57.00(39.56) 37.47(27.51)
I00K X X X 7016+001 7354002 74.15+027 79.39(66.99) 60.50 (47.62) 60.15(51.25)  40.45(34.59)
I00K O X X 7033+001 7441+021 7457+009 81.35(69.73) 61.86(51.28) 61.79(53.40) 41.25 (37.26)
I0OK O O X 7021+005 7276050 73.54+047 7891(63.67) 58.76(46.96) 59.53 (47.75) 40.08 (32.28)
I00K O X O 7085+0.13 74914029 7557+061 83.69(69.73) 62.22(51.28) 62.88(53.40) 42.62(37.26)
20K O X O 71264006 7570+032 76.13+039 83.50(73.24) 64.36(5496) 61.49 (56.51)  42.70 (40.42)
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Three Approaches Comparison

Pixel-BERT VinVL ViLT

« CNN - CNN * Transformer
 Pixel level * Region Feature « Patch Embeddings
* Good Embeddings * Best embeddings * Worse embeddings
* Middle Ground * Slow » Fast

Georgia
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Thank youl!



