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Timeline

- (2018 - 2020) Transformer + pretraining

- ImageBERT: Applying BERT-style masked modeling to image-text

- VILBERT: Two-stream model for vision and language using cross-attention

- (2020 - 2021) Scaling up and contrastive learning
- CLIP: Contrastive learning at scale (400M image-text pairs)

- ALIGN: Similar to CLIP, but with even more (noisy) web data



Drawbacks of these models
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Abstract
Si of-the vision and visi -l maodels
rely on I le visio-linguistic p ing for obtaini
good perf e onavariety of d tasks. Gener-

ally, such models are often either cross-modal (contrastive)
or multi-modal (with earlier fusion) but not both; and they

multimodal and unimedal pretraining data
image-text unpaired unpaired
pairs images text
B | ; J

FLAVA for multi-domain joint pretraining
(global contrastive, MMM, MIM, MLM, ...}

often only target specific modalities or tasks. A p
direction would be to use a single holistic universal model,
as a “foundation”, that targets all modalities at once—a
rtrue vision and language foundation model should be good
at vision tasks, language tasks, and cross- and multi-modal
vision and language tasks. We introduce FLAVA as such a
model and demonstrate impressive performance on a wide
range of 35 tasks spanning these targel modalities.

1. Introduction

Large-scale pre-training of vision and language trans-
formers has led to impressive performance gains in a wide
variety of downstream tasks. In particular, contrastive meth-
ods such as CLIP [ '] and ALIGN ["1] have shown that
natural language supervision can lead to very high quality
visual models for transfer leamning.

Purely contrastive methods, however, also have impor-
tant shortcomings. Their cross-modal nature does not make

visual language multimodal
recognition understanding reasoning
(e.g. ImageNet) (e.8. GLUE) (e.g. VOA)

Figure 1. We present FLAVA, a language and vision alignment
model that leams strong representations from multimodal (image-
text pairs) and unimodal data (unpaired images and text) and can
be applied to target a broad scope of tasks from three domains
(visual ition, language und ding, and multimodal rea-
soning) under a common transformer model architecture.

different capabilities, then the following limitation should
be overcome: a true foundation model in the vision and lan-
guage space should not only be good at vision, or language,
or vision-and-language problems—it should be good at all
three, at the same time.

Combining information from different modalities into

one nniversal architecture holde nramise not onlv hecange it

|

: Definition — Domain: combination of modalities
: used (i.e. vision, language, vision-language)
|
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While these vision-language (V&L) models are on
the right track, certain shortcomings prevent it from
being foundational

Lack of domain and task diversity
- Single domain
- Only 1 unimodal + V&L domain
- All domains but small set of tasks

Some models (e.g. CLIP) trained on proprietary
data



Comparison of V&L models

Multimodal Pretraining data Pretraining Objectives Target Modalities
Method public dataset(s) size | Contr. ITM  Masking  Unimodal | V CV&L MV&L L
CLIP [ ] X WeblmageText 400M v - - - v v -
ALIGN [~1] X JFT 1.8B v - = - v v - -
SimVLM [107] X JFT 1.8B - - PrefixLM CLM * v v v
UniT [ ] - None - - - - - * - v v
VinVL [ 1] v/ Combination 9M v - MLM - - v v -
ViLT [*4] v Combination 10M — v MLM - - v v -
ALBEF [] v/ Combination M v v MLM - - v v -
FLAVA (ours) v PMD (Tbl. 2) 70M v v MMM MLM+MIM | v/ v v v

- FLAVA covers unimodal, cross-modal, and multi-modal domains across 35 tasks

- 22 vision-only, 8 language-only, 5 V&L



Architecture - Vision encoder

- ViT-B/16 encoder
- Image CLS token
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Architecture - Text encoder

- BERT tokenizer

- Transformer encoder o
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Architecture - Multimodal encoder

- Transformer model
- Input: Concat multimodal CLS token, image, text hidden states [CLS M| H || H_T]

- Cross-attention between modalities
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Architecture Q: What do you think about this architecture?

-=-=>» Llec €--___

-7 multimodal task heads R
- ~
e - Hateful Memes RS
- ~
- ~
vision task heads g N
[ ] : / Lvmm, Litm <~ multimodal encoder . NLP task heads
/
/

ImageNet N MNL
)
/ wes wes e \
Lmim < / '
1 \ _=->
N csoll | B I I
I \ //

N image encoder N text encoder

\
v Vo
!r ’. : v

--“ - - This cat was wonderfull He | | | | | |
was making his daily cleaning
m » on an ancient grave as to say ’ I || | | |
"I am the boss here!”

Key takeaway: 1 encoder per domain
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Training Q: Why pretrain the unimodal encoders first?

1. Unimodal pretraining of image and text encoders

- DINO initialization + masked image modelling, masked language modelling
1. Joint training on all 3 domains

- Global contrastive loss, masked multimodal modelling

- Round-robin sampling between unimodal text, unimodal image, and multimodal objectives
1. Evaluation via finetuning, linear probing, or zero-shot inference

COCO Visudl Gerionie:  SBUidations  Lomuzed WIT RedCaps ~ CCI2M  YFCC filtered
) narratlvesﬂ

- N
' -~ " Y

. 3\ 0

N |
A close up view of a a lenovo laptop Front view of basket The womanis  Typocerus Deigdoh falls in J umping girl  In the kitchen at the
pizza sitting on a rebooting 13, from the sidewalk  touching a balteatus, india In a green Muse Nissim de
table with a soda in in front of the basket.  utensil in front ~ Subfamily: Flower summer Camondo
the back. of her on the Longhorns firess stock

grill stand. illustration

Qualitative examples from the multimodal training datasets "



DINO

softmax

student gy

loss:
- p2 log p1

€ma

g

softmax

centering

teacher gg;

Self-supervised learning w/ knowledge
distillation:

-  SSL: Data itself provides the labels for training

- Knowledge distill.: Train student network to
match distribution of teacher network

Apply different augmentations for student
vs. teacher
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DINO

softmax

student gy

()
/

Student gets all
views

loss:
- p2log p1

€ma

2.

softmax

centering

teacher gg,

()
N

Teacher only gets
global views

Multi-crop strategy:

Global
Views:

Local
views:
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DINO

softmax

student gg;

o
/

Student gets all
views

loss:
- p2log p1

€éma

2.

softmax

centering

teacher gg;

(s
AN

Teacher only gets
global views

—

“Local-to-global” correspondence

Each encoder outputs a distribution
over K dimensions

Take softmax:
Py(z)® = exp(gs, (z)® /7¢)
Zle exp(gg, (z)*) /7y)

Minimize cross-entropy b/t teacher

and student distributions:
néisn H(P(x), Ps(x)), where H(a,b) = —alogb.

14



DINO

- Features have strong object boundary priors

DINO
VS.
DINOv2

VS.
DINOv3

15



Pretraining objectives

Masking

- Mask subset of the input token sequence and
then predict using context of non-masked tokens

- Image: Encode image as discrete tokens (dVAE)
and classify masked tokens

- Text: Tokenize text and classify tokens

Lol - Applicable to both uni- and multi-modal settings
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Discrete variation autoencoders (dVAE)

- Image patches are encoded and mapped to a discrete latent code

- Learnable latent codes form a codebook: e 1,e 1, ...,e K

- During masked pretraining with dVAE, simply need to classify the codebook index
k € [1, K] of the masked patches

Q: Why classification vs. reconstruction?

17



Pretraining objectives

Contrastive learning

- Method for aligning different modalities

|||—— Encoder T T 1 = | through positive and negative pairs
A - Based on user-defined similarity metric
. (typically dot product)
— L LT LT, LT - LT - Sensitive to batch size

Ty i
' Image S| J—— 5 < Z f H
i m Encoder o i - FLAVA uses global contrastive loss: examples

gathered across all GPUs for loss calculation

— I, LT L, LTy e Iy - Open-source CLIP: only examples in local GPU
used in loss calculation



Pretraining objectives

Crowd, people

Landscape, trees

X

Image-text matching (ITM)

Classification to determine whether
image-text pairs match (yes/no)

19



Multimodal dataset

- Only trains on publicly available datasets
- Significantly smaller than data used by previous models (e.g. CLIP w/ 400M)

- Caveat: Does not take into account unimodal datasets used

#Image-Text Pairs  Avg. text length

COCO [51] 0.9M 124
SBU Captions [/ /] 1.0M 12.1
Localized Narratives [~ ] 1.9M 13.8
Conceptual Captions [~”] 3.1M 10.3
Visual Genome [©7] 5.4M 5.1

Wikipedia Image Text [*“] 4.8M 12.8
Conceptual Captions 12M [ 4] 11.0M 17.3
Red Caps [ ] 11.eM 9.5

YFCCI100M [107], filtered 30.3M 12.7

Total 70M 12.1




MIM MLM FLAVA¢ FLAVAymy  FLAVA w/oinit FLAVA  CLIP CLIP
1 2 3 4 5 6 7 8

Datasets Eval method ‘ PMD PMD PMD PMD (PMD+IN-1k+CCNews+BC) PMD ‘ 400M [“7]
MNLI [111] fine-tuning - 73.23 70.99 76.82 78.06 80.33 32.85 33.52
CoLA [110] fine-tuning - 39.55 17.58 38.97 44.22 50.65 11.02 25.37
MRPC [27] fine-tuning - 73.24 76.31 79.14 78.91 84.16 68.74 69.91
QQP [47] fine-tuning - 86.68 85.94 88.49 98.61 88.74 59.17 65.33
SST-2[°7] fine-tuning - 87.96 86.47 89.33 90.14 90.94 83.49 88.19
QNLI [¢7] fine-tuning - 82.32 71.85 84.77 86.40 87.31 49.46 50.54
RTE[7,25,36,40] fine-tuning - 50.54 51.99 51.99 54.87 57.76 53.07 55.23
STS-B[!] fine-tuning - 78.89 57.28 84.29 83.21 85.67 13.70 15.98
NLP Avg. | - 71.55 64.80 74.22 75.55 7819 4644 | 50.50
ImageNet [©(] linear eval 41.79 - 74.09 74.34 73.49 75.54 72.95 80.20
Food101[11] linear eval 53.30 - 87.77 87.53 87.39 88.51 85.49 91.56
CIFARIO [5¢] linear eval 76.20 - 93.44 92.37 92.63 92.87 91.25 94.93
CIFAR100 [5¢] linear eval 55.57 - 78.37 78.01 76.49 77.68 74.40 81.10
Cars [20] linear eval 14.71 - 72.12 72.07 66.81 70.87 62.84 85.92
Aircraft [/4] linear eval 13.83 - 49.74 48.90 44.73 4731 40.02 51.40
DTD [20] linear eval 55.53 - 76.86 76.91 75.80 77.29 73.40 78.46
Pets [ 7] linear eval 34.48 - 84.98 84.93 82.77 84.82 79.61 91.66
Caltech101 [#7] linear eval 67.36 - 94.91 95.32 94.95 95.74 93.76 95.51
Flowers102 [ /] linear eval 67.23 - 96.36 96.39 95.58 96.37 94.94 97.12
MNIST [50] linear eval 96.40 - 98.39 98.58 98.70 98.42 97.38 99.01
STL10 [21] linear eval 80.12 - 98.06 98.31 98.32 98.89 97.29 99.09
EuroSAT [1] linear eval 95.48 - 97.00 96.98 97.04 97.26 95.70 95.38
GTSRB [100] linear eval 63.14 - 78.92 77.93 71.71 79.46 76.34 88.61
KITTI[*°] linear eval 86.03 - 87.83 88.84 88.70 89.04 84.89 86.56
PCAM [106] linear eval 85.10 - 85.02 85.51 85.72 8531 83.99 83.72
UCF101 [2¢] linear eval 46.34 - 82.69 82.90 81.42 83.32 77.85 85.17
CLEVR [7] linear eval 61.51 - 79.35 81.66 80.62 79.66 73.64 75.89
FER 2013 [#] linear eval 50.98 - 59.96 60.87 58.99 61.12 57.04 68.36
SUN397 [117] linear eval 5245 - 81.27 81.41 81.05 82.17 79.96 82.05
SST [#7] linear eval 5777 - 56.67 59.25 56.40 57.11 56.84 74.68
Country211 [£7] linear eval 8.87 - 27.27 26.75 27.01 28.92 25.12 30.10
Vision Avg. | 5746 - 79.14 79.35 78.29 79.44 76.12 | 8257
VQAV2 [7] fine-tuning - - 67.13 71.69 71.29 7249 59.81 54.83
SNLI-VE [114] fine-tuning - - 73.27 78.36 78.14 78.89 73.53 74.27
Hateful Memes [© ] fine-tuning - - 55.58 70.72 77.45 76.09 56.59 63.93
Flickr30K [#/] TRR@1 zero-shot - - 68.30 69.30 64.50 67.70 60.90 82.20
Flickr30K [#/] TR R@5 zero-shot - - 93.50 92.90 90.30 94.00 88.90 96.60
Flickr30K [?/]IRR@1 zero-shot - - 60.56 63.16 60.04 65.22 56.48 62.08
Flickr30K [#/] IRR@5 zero-shot - - 86.68 87.70 86.46 89.38 83.60 85.68
COCO [9] TRR@1 zero-shot - - 43.08 43.48 39.88 4274 37.12 52.48
COCO [0] TRR@5 zero-shot - - 75.82 76.76 72.84 76.76 69.48 76.68
COCO [°] IRR@1 zero-shot - - 37.59 38.46 34.95 38.38 33.29 33.07
COCO [o7] IRR@5 zero-shot - - 67.28 67.68 64.63 6747 62.47 58.37
Multimodal Avg. | - - 66.25 69.11 67.32 69.92 62.02 | 67.29
Macro Avg. | 19.15 2385 70.06 74.23 73.72 75.85 6152 | 6678

Ablations show overall
best model includes all
pretraining objectives

- Contrastive learning

- Unimodal + multimodal
pretraining

- Initialize unimodal encoders
with pretrained models
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Quantitative results

public Multimodal Tasks Language Tasks ImageNet
data VQAv2 SNLI-VE HM | CoLA SST-2 RTE MRPC QQP MNLI QNLI STS-B | linear eval
1 BERT}46e [28] | - - -~ 546 925 625 81.9/87.6 90.6/87.4 844 91.0 88.1 | E
2 X  CLIP-ViT-B/16 [©7] 55.3 740 634 254 882 552 74.9/65.0 76.8/53.9 335 50.5 16.0 80.2
3 X SimVLMpae [107] 77.9 84.2 - 467 909 639 75.2/844 904/87.2 834 88.6 - 80.6
4 v VisualBERT [57] 70.8 773" 74.1% | 386 894 56.6 71.9/82.1 89.4/86.0 81.6 87.0 81.8 -
5 v UNITERpase [10] 72.7 78.3 - 374 897 55.6 69.3/80.3 89.2/85.7 80.9 86.0 75.3 -
6 v VL-BERThuee [101] 71.2 - - 387 89.8 557 70.6/81.8 89.0/85.4  81.2 86.3 82.9 -
7 v VILBERT [ /(] 70.6 757t 74.1% | 361 904 537 69.0/79.4 886/85.0 79.9 83.8 719 -
8 v LXMERT [[7] 72.4 - - 390 902 572 69.7/804 753/753 804 84.2 753 -
9 v UniT [47] 67.0 73.1 - - 803 - - 90.6/ — 81.5 88.0 - -
1@ v CLIP-ViT-B/16 (PMD) 59.8 735 56.6 11.0 835 53.1 63.5/68.7 754/43.0 329 495 13.7 73.0
11 v FLAVA (ours) 72.8 79.0 76.7 50.7 90.9 57.8 81.4/86.9 90.4/87.2 80.3 87.3 85.7 75.5
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UniT: Multimodal Multitask Learning with a Unified
Transformer

Ronghang Hu Amanpreet Singh

ICCV 2021
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UniT vs FLAVA

Both UniT and FLAVA are multimodal and multitask.

» Let’s start with authors

UniT: Multimodal Multitask Learning with a Unified Transformer

Ronghang Hu Amanpreet Singh
Facebook AI Research (FAIR)

{ronghanghu, asg}@fb.com

FLAVA: A Foundational Language And Vision Alignment Model

Amanpreet Singh* | | Ronghang Hu*) Vedanuj Goswami*
Guillaume Couairon =~ Wojciech Galuba  Marcus Rohrbach  Douwe Kiela

Facebook AI Research (FAIR)
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What'’s the
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UniT and FLAVA?
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What'’s the
difference between
UniT and FLAVA?
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public Multimodal Tasks Language Tasks ImageNet
data VQAV2 SNLI-VE HM | CoLA SST-2 RTE MRPC QQP  MNLI QNLI STS-B | linear eval
v BERTy, [28] | - - - | 546 925 625 81.9/87.6 90.6/87.4 844 910 88.1 | -
2 X CLIP-ViT-B/16 [ ] 553 740 634 254 882 552 74.9/650 76.8/53.9 335 505 16.0 80.2
3 X SimVLMyge [[07] 779 842 - 467 909 63.9 75.2/844 90.4/87.2 834  88.6 - 80.6
4 v VisualBERT [ ] 70.8 7737 74.1% | 386 894 56.6 71.9/82.1 89.4/86.0 81.6 870  81.8 -
5 v UNITERp, [|7] 727 783 - 374 89.7 55.6 69.3/803 89.2/85.7 809 860 753 -
6 v  VL-BERT,,.[ (] 71.2 - - 38.7 89.8 557 70.6/81.8 89.0/85.4 812 863 829 -
7 v VIiLBERT[ (] 70.6 757t 74.1% | 361 904 53.7 69.0/79.4 88.6/85.0 799  83.8 77.9 -
8 v LXMERT[ ] 72.4 - - 39.0 902 572 69.7/804 75.3/753 804 842 753 —
9 v |(UniT[ ] 67.0  73.1 = - 893 — = 90.6/ — 81.5  88.0 = -
1@ v CLIP-ViT-B/16 (PMD) | 59.8 735 56.6 11.0 835 53.1 63.5/68.7 754/43.0 329 495 13.7 73.0
11« FLAVA (ours) 728 790 767 | 50.7 90.9 57.8 81.4/86.9 90.4/87.2 803 873 857 75.5




What is the other biggest difference between UniT and

FLAVA other than model architecture?
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UniT is an end-to-end multimodal multitask learning framework

ALBEF pretrains the model and fine tune on downstream tasks.
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Lt = (1 - 0)Cuc +

E(1,r)~p [KL(g™ (1) | p*(I)) + KL(q"*(T) || p*(T))]
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Ablation Study

#Pre-train Trainine tasks TR IR SNLI-VE NLVR? VQA
Images g (flickr test) (test) (test-P)  (test-dev)
MLM + ITM 93.96 88.55 77.06 77.51 71.40
ITC + MLM + ITM 96.55 91.69 79.15 79.88 73.29
AM ITC + MLLM + ITMhar 97.01 92.16 79.77 80.35 73.81
ITCypop + MM + ITM014 97.33 9243 79.99 80.34 74.06
Full (ITCyvop + MLMwyep + ITMpad) | 9747  92.58 80.12 80.44 74.42
ALBEF (Full + MoD pownstream) 97.83 92.65 80.30 80.50 74.54
14M ALBEF | 98.70 94.07 80.91 83.14 75.84
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Results

# Pre-train Flickr30K (1K test set)
Method Images TR IR
R@] R@5 R@10 R@]1 R@5 R@I10

UNITER [2] 4M 83.6  95.7 97.7 68.7 89.2 93.9
CLIP [6] 400M 88.0 98.7 99.4 68.7 90.6 95.2
ALIGN [7] 1.2B 88.6  98.7 99.7 75.7  93.8 96.8
ALBEF 4M 90.5 98.8 99.7 76.8  93.7 96.7
ALBEF 14M 94.1 99.5 99.7 82.8 96.3 98.1
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Thank you
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