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Multimodal Pre-traning
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Today'’s lecture

Contents
Multimodal pre-training

Large-scale multimodal pre-training
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Please don't hesitate to ask questions!
Your questions help everyone (including me) learn better.



Multimodal Pre-training



Multimodal representation

The goal of representation learning (recap. Lecture 3)

Image space: 256°%3003% 1 024 (representation space)

Compact vector
: o
Represents input contents __ ' ,

Can transfer to other tasks

........ Lo AT [ K| | — It'sa Dog!
Classifier:
. Colors :
g N “Hmm, given those
¢ Intensities

features, ...”

Edges, textures Shapes
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Multimodal representation

Multimodal representation (recap. Lecture 2)
Input modality X Input modality X

Fused representation Z .

-)

Shared representation

Input modality Y Input modality Y

Goal of multimodal pre-training: obtain a good multimodal representation
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Platonic Representation Hypothesis

Neural networks, trained with different objectives on
different data and modalities, are converging to a shared

statistical model of reality in their representation spaces.
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Multimodal pre-training

Recent multimodal pre-training has been developed based on "Vision-and-Language”

Why Vision-and-language?
Training data: MS-COCO, CC3M, CC12M, LAION-5B, ...

Evaluation tasks: Image captioning, cross-modal retrieval, VQA, ...

Vision-Language Pre-training (VLP)
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Vision-and-language pre-training

* How to fuse or link ditferent modalities? (recap. Lecture 2)
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Vision-and-language pre-training

* Objective — Selt-supervised learning

Masked Auto-Encoder (MAE) (He et al., 2022}

Input image 1 Reconstruct

target image
Visible patches Attach mask

only (efficient) tokens

Contrastive learning

é

Similar

Dissimilar
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Vision-and-language pre-training

Objective — Self-supervised learning
Predictive task: Masked modeling (modality agnostic)

Inter-sample (instance) task: Contrastive learning

Positive pair: image—caption (human-annotated like MS-COCO, or
alt-text like CC, LAION-2B/5B)

Negative pair: others
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Vision-and-Language Pre-training

BERT-based approach



BERT (2018)

Self-supervised learning: Masked language modeling, Next sentence prediction

Mask LM Mask LM Start/End Span

BERT BERT

f‘tf 1T

Masked Sentence A Masked Sentence B Question Paragraph

*

Unlabeled Sentence A and B Pair Question Answer Pair

Pre-training Fine-Tuning
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VisualBERT (Aug, 2019)

Simply concatenate visual region features and word embeddings as input

Use self-attention to implicitly align elements of the text and image regions

Objective 2 Objective 1
sy

S S N S S— [ ] Segment
— 11— 1] 7 "1 Token/Image

o O O s )
A person hits a ball with a tennis racket [CLS] [MASK] [SEP] u
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VisualBERT (Aug, 2019)

Objectives: masked language modeling (MLM), image-text matching (/TM)

Objective 2 Objective 1
sy

N N [N . N [ Position
S S N S S— [ ] Segment
— 11— 1] 7 "1 Token/Image

o O O s )
A person hits a ball with a tennis racket [CLS] [MASK] [SEP] u
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ViLBERT (Aug, 2019)

* Objectives: image-text matching (/TM), masked language modeling (MLM), masked
region modeling (MRM)

(<CL.S> Man shopping for fruit __ <SEP>

Wy W4 W; W3 Wy Wr

Figure 1: Our VILBERT model consists of two parallel streams for visual (green) and linguistic
(purple) processing that interact through novel co-attentional transformer layers. This structure allows
for variable depths for each modality and enables sparse interaction through co-attention. Dashed
boxes with multiplier subscripts denote repeated blocks of layers.

(b) Our co-attention transformer layer
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ViLBERT (Aug, 2019)

MLM 14 ] M h
<=l -y, an shopping
Follows MLM in standard BERT
' o ﬁnﬁﬁ- e i
MRM

Predict a distribution over semantic classes
for the corresponding image region (a) Masked multi-modal learning

(o) I Aligned / Not Aligned

ITM (Binary classification task)

Similar to NSP in BERT

Vision Language BERT

Positive (matched) or negative (unmatched) ] --

(b) Multi-modal alignment prediction
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UNITER (2020)

Objectives: image-text matching (ITM), masked language modeling (MLM), masked
region modeling (MRM), word region alignment (WRA)

UNITER Model

Image Embedder Text Embedder

Image Feature | Text Feature
Transformer

® ®
b| [Emb

Em m
man with his dog on a couch

man with an with his dc dog [CLS]
Word Region Alignment (WRA)
+

Image-Text Matching (ITM)

UNITER ‘ UNITER \ %. UNITER \
N

¢
ﬁ;an with his [MASK]

Masked Language Modeling (MLM) Masked Region Modeling (MRM)

man W|th his dog --
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Relying on external visual encoder

“We use Faster R-CNN (with ResNet-101 backbone) pretrained on the Visual Genome
dataset (...) to exiract region features” in ViLBERT (Lu et al, 2019)

Same in VisualBERT (Li et al., 2019), UNITER (Chen et al, 2019), OSCAR (Li et al.,
2020), VinVL (Zhang et al., 2021)

2k scores 4k coordinates k anchor boxes
" «

cls layer \

56-d
t intermediate layer

AN

sliding window

conv feature map
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Beyond regional features — VIilLT

Objectives: image-text matching (ITM), masked language modeling (MLM), word
patch alignment (WPA)

Image Text Matching Masked Language Modelmg Word Patch Alignment

MLP
:D

Modality Modality
Interaction Interaction
Visual [

Transformer Encoder

_
00 00':!:::.:! 08008 ﬂﬂl:l::::l

Word Embedding Linear Projection of Flattened Patches

Textual | Embed Textual Visual
Embed Embed Embed

= Selee

Text Image Text Image

] g
a stone statue near an [MASK] ==Tr=> L7 ;
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VILT

* Objectives: image-text matching (ITM), masked language modeling (MLM), word
patch alignment (WPA)

Model Time  VQAv2 NLVR2 Visual Text Retrieval Image Retrieval
e (ms) test-dev  dev  test-P Model Flickr30k (1K) MSCOCO (5K) Flickr30k (1K) MSCOCO (5K)

Embed
R@]1] R@5 R@10 R@1 R@5 R@I10
s o % ¢ 9w oopo ... . - . 5 - < = . T2 = =
ViLBERT ~920 70.55 - - w/o VLP SOTA 67.4 90.3 05.8 50.4 82.2 90.0 48.6 77.7 85.2 38.6 69.3 80.4
VisualBERT ~925 70.80 67.40 67.00 ViLBERT-Base 58.2 84.9 91.5

LXMERT ~900 72.42 7490 74.50 Unicoder-VL 86.2 96.3 99.0 62.3 87.1 92.8 71.5 91.2 95.2 48.4 76.7 85.9
UNITER-Base ~900 72.770 75.85  75.80 UNITER-Base 85.9 97.1 98.8 64.4 87.4 93.1 72.5 92.4 96.1 50.3 78.5 87.2

OSCAR-Basef ~900 73.16 78.07 78.36 OSCAR-Basef 70.0 91.1 95.5 54.0 80.8 88.5
VinVL-Base'# ~650 1995 82.05 83.08 VinVL-Base'+ : - 74.6 92.6 96.3 - - 58.1 83.2 90.1

Grid Pixel-BERT-X152  ~160 74.45 76.50 77.20 Grid Pixel-BERT-X152 87.0 98.9 : 63.6 87.5 93.6 71.5 92.1 : 50.1 77.6 86.2
= Pixel-BERT-R50 ~60 71.35 71770  72.40 Pixel-BERT-R50 1.1 94.7 : 59.8 85.5 91.6 53.4 80.4 : 41.1 69.7 80.5

ViLT-B/32 ~15 70.33 7441  74.57 VILT-B/32 81.4 95.6 : 61.8 86.2 92.6 61.9 86.8 . 41.3 72.0 82.5
Linear  ViLT-B/32® ~15 70.85 7491  75.57 Linear  ViLT-B/32® 83.7 97.2 : 62.9 87.1 92.7 62.2 87.6 : 42.6 72.8 83.4
ViLT-B/32@® ~15 71.26 75.70  76.13 VILT-B/32@® 83.5 96.7 : 61.5 86.3 92.7 64.4 88.7 : 42.7 72.9 83.1

VQA & Visual reasoning Retrieval
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Vision-and-Language Pre-training

Contrastive learning



CLIP



Contrastive Language-Image Pre-training (CLIP)

(1) Contrastive pre-training

Image
Encoder
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CLIP — motivation

We saw NLP tasks can be solved in a zero-shot manner (GPT family)

But, in vision tasks: zero-shot 11.5% accuracy on ImageNet in 2017
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CLIP — motivation

Language Superv1sed Pretraining rown and white puppy lying o
n looki g at apples

We saw NLP tasks can be solved in a zero-shot maflr® B
1 ; ; Transformers
* A ""g ConVNet

But, in vision tasks: zero-shot 11.5% accuracy on Ima;

Task: Image Captioning

Downstream Transfer Example Object Detection

Similar methods ! o |
* VirTex (Desai & |ohnson, 2020)

ICMLM task
ICMLM (Bulent Sariyildiz et al., 2020)

ConVIRT (Zhang et al., 2020}

“Little girl holding red umbrella”

But, small-scale training (< 1 million images)

“Little girl holding red [MASK]”

Multi-modal network =
ConvNet + Language Model + Auxiliary modules

Proxy label: [MASK] = Umbrella
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CLIP — motivation

Solution: Scaling-up
Larger data size: 400 million image-text pairs

Larger model size: ViT-Base/Large (with architectural change from Conv to ViT)

Referecne: slides for CS886 at UWaterloo (2023) NAVER Al LAB



CLIP — contrastive learning

Supervised learning is contrastive learning

_ image
encoder

chess | bear | dog

. |flower| ...

|deally, this is
what we want.

Contrastive learning with two views (e.g., SImCLR)

| image
encoder

A mmyiIvzs st ar P p— - ~ NN ‘.-.l ~ o
Apply another image encoder tc

turn them into representations

image
encoder

Goko | qok1 | qok>
q1k4

q2k>
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CLIP — pre-training

Learning Transterable Visual Models From Natural Language Supervision

(1) Contrastive pre-training

Pepper the

aussie pup —> Text

Encoder

Image
Encoder
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CLIP — pre-training

* Data: WIT-400M
' Image encoder: ResNets or ViT-B/L

 Text encoder: Transformer

(1) Contrastive pre-training

Pepper the

aussie pup —> Text

Encoder

"e representations of

imége_éhéoder(I)
text_encoder(T)

joint mult dal embedding Hmﬂ
12 normallze(np dot(I_T,
12_normalize(np.dot(T_T,

scaled pairwise cosine similarities

Image # St
logits = np dot(I e, T_e.T) * np. exp(t)

Encoder

# symmetric loss func
labels = np.arange(n)
loss_i
loss_t
loss

(loss_i + loss_t)/2

cross_entropy_loss(logits, labels, axis=0)
cross_entropy_loss(logits, labels, axis=1)
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CLIP — inference (zero-shot)

(2) Create dataset classifier from label text Stc{:‘ont]c 2{?&?

Foodl01l
Kinetics700
SST2
SUN397
UCF101

A photo of Text Hatefué?f:%:?]?(s) '
a ' : Encoder CIFAR100 |+ 3.0

STL10 B+ 3.0
FER2013 |+ 2.8
Caltech1l01 jj+2.0
ImageNet i+ 1.9
OxfordPets f§+1.1
PascalvVOC2007 +0.5
(3) Use for zero-shot prediction - a'm'gQap
FGVCAircraft
RESISC45
Flowers102
DTD
Image [,-T , CLEVRCounts
Encoder b2 GTSRB

PatchCamelyon
KITTI Distance
EUuroSAT

A photo of —-40 -30 —-20 -10 O 10 20 30 40
a . A Score (%)

Zero-Shot CLIP vs. Linear Probe on ResNet50
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CLIP — inference (zero-shot)

(2) Create dataset classifier from label text

A photo of
a | .

(3) Use for zero-shot prediction

Image
Encoder

Text
Encoder

II.T2

Dataset Examples

“ "“v

ImageNetV2 “ :
L . o = .

”
¢ N\

ImageNet-R " < |

’Wé'\:

o

ObjectNet | &' u \
| 2

Y
ImageNet & — /}
Sketch /

4 ag\ ,

ImageNet Zero-Shot
ResNet101 CLIP A Score

76.2 0%
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ALIGN

Scaling Up Visual and Vision-Language Representation Learning With Noisy Text
Supervision (by Google)

Data: ALIGN 1.8B

Pre-training Image encoder: EfficientNet-L2

Contrastive Learning | .-~ * Text encoder: BERT Transformer

(From scratch)

Table 4. Top-1 Accuracy of zero-shot transter of ALIGN to image
classification on ImageNet and 1ts variants.

Text -~ Image _
Encoder Encoder

Model | ImageNet ImageNet-R ImageNet-A ImageNet-V2

CLIP 76.2 88.9 77.2 70.1
ALIGN | 764 92.2 75.8 70.1

Noisy Image-Text
Data
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ALIGN

* Analysis of the embedding space

“Van Gogh Starry Night ...”
“details”  "in black and white® “on a canvas®  “in dark wood frame’

S E
ey
-~ oy
SLES
-
P
J .

R q

o

=

PP S
i
“seagull in front of ...”

“Golden Gate “London Tower “Sydney Harbour “Rialto
. Bridgeu Brig‘ge”

EARYArn \\‘
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Mix with contrastive learning: ALBEF

Objectives: image-text contrastive (ITC), image-text matching (ITM), masked language modeling (MLM)

[CLS]
embedding

hard multimodal momentum

negatives encoder update

momentum
X6

]

text
encoder

Momentum
Model

encoder

Feed forward

Self Attention Image-Text

Contrastive Loss

¢

[
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
\

Image input text input
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Data quality for CLIP



Reproducing CLIP

- CLIP (

CLIP trained with (private) WIT-400M
Open-CLIP trained with (open) LAION-400M (later, LAION-2B)

)
QL
=
o -
L -~
o
-
.
Q
—
Q
=
QL
o
©
E

) vs. Open-CLIP (

101! 1014
Total compute (GMAC per sample x samples seen)

(o)
o

un
un

wun
fa)
—

Fay
wn

o
L]

w
un

ImageNet robustness error rate (%)

101! 104
Total compute (GMAC per sample x samples seen)

OpenCLIP

—— CLIP

Model
VIiT-B/32

» » VIT-B/16

VIiT-L/14

o ViT-H/14
e ViT-g/14

Samples seen
38

13B

348

Dataset
LAION-B0M
LAION-400M
LAION-28B

»  CLIP-WIT
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Beyond CLIP data

* Demystitying CLIP Data (MetaCLIP)

MetaCL[P(400M)

o
n
v

'Jd 'J‘J.:v l _I. 1)
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>
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-
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N
-
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~®~ CLIP(400M)
LAION(407M)

~— Raw(1.1B)

— Raw English(400M)

~ MetaCLIP w/o bal.(400M)

— MetaCLIP(400M)

0 50000 100000 150000 200000 250000 300000 350000 400000
Training Steps

Beyond web-crawled (CommonCrawl),

They claim the importance of metadata curation and balancing
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Beyond CLIP data — DataComp

Beyond LAION datasets, multimodal data curation and filtering are the keys

DATACOMP:
In search of the next generation of multimoc

C. Train

Leaderboard

06-21-2024
06-21-2024
11-08-2023
11-07-2023
10-02-2023
09-08-2023

negCLIPLoss & NormSim + DFN + HYPE
negCLIPLoss & NormSim + DFN

Hype sampler + DFN

Hype sampler

Data Filtering Networks

The Devil Is in the Details
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Behave like bag-of-words

Do they understand the structure and composition of the query?

A cat sleeping on
a desk nextto a
monitor

 \
the grass is eating the horse L81% |

—

the horse is eating the grass | 78%

Add strong alternative images
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SigLIP: Scaling up training with

Sigmoid loss



Revisit CLIP

Softmax-based contrastive objective (CLIP’s objective)

(1) Contrastive pre-training

Pepper the

Text

aussie PuP ||| Encoder W image—text softmax text—-1mage softmax
elXi Y elXiYi

Image
Encoder
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Revisit CLIP

Softmax-based contrastive objective (CLIP’s objective)
Contrastive learning requires large batch-size (e.g., 16K, 32K)

To compute the denominator term, gather all image features (and text features)

Device 1 Device 2 Device 3
2 Iz 14 Is Ig I; Ig lg lio I1q Ig2

image—text softmax text—-1mage softmax

et e, p— \—
etx'i 'Yi etxi 'Yi

Device 1

o~
)
=
>
3]
a

=

=

Device 3

-
N
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SigLIP: Sigmoid-based loss

image—text softmax text—1image softmax

Z;j I the label for the image (x;) and text (yj) — 1 if paired, otherwise O

Compared to Softmax, sigmoid loss simplities the problem to binary classification
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SigLIP: Sigmoid-based loss

+ Efficient implementation: parallelism, no all-gather ops

Device 1 Device 3 Device 3
Il lz I3 14 g lo l]() l:l l12 y : 4 - g llO lll 112

Device 1

o R
o L
> >
> >
D L
- -

Device 3
Device 2

33% 33% 33%)]33

Device 1 Device 2 Device 3 Device 1 Device 2 Device 3

Device 2

Device 3

Device 1

Device 1

Device 2
I | I, Ig

Cross Device X

o

Device 3

lll’) lll 112

NAVER Al LAB



SigLIP: Sigmoid-based loss

Results (Acc vs. batch-size)

©
=
’.{3
-
—
O
Z.
O
50
=
=
|

32 262 1024
Batch Size (k)

16

32

—o—  Sigmoid
-=*-  Softmax

98

Batch Size (k)
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Vision-and-Language Pre-training

Generative training



Encoder-decoder architecture

Encoder architecture methods (e.g., CLIP, ALIGN, ALBEF) show
weakness in text generation tasks (e.g., captioning)

Encoder-decoder architecture with causal language modeling

“The man at bat readies to swing ...”

|

|

<start> The man at bat ...
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BLIP

* Objectives: image-text matching, language modeling, image-text contrastive learning

T
(1
\J
F

C |
(1)
\J/
4
Feed Forward

.
H{ o i
&

Text Image-grounded Image-grounded
Encoder “icLs] +(__ )" Text encoder “IEncode] +(__)" Text decoder “IDecode] +(_ )"
3
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BLIP

Objectives: image-text matching, image-text contrastive learning, language modeling

T
(1)
\U
F

[ ] |
A :
Y, ,‘
(| 4
Feed Forward }
' \1/
(1) T
1/ S
Bi Self-Att Bi Self-Att

Text Image-grounded
Encoder ”[CLS] + Bn Text encoder ”[EnCOde] + Sn
3

“a little girl holding a kitten next to a blue fence”
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BLIP

Objectives: image-text matching, image-text contrastive learning, language modeling

\_
I Feed Forward

Causal Self-Att

Image-grounded
Text decoder “IDecode] +( )"

“a little girl holding a kitten next to a blue fence”




BLIP

Captioner and filter: produce synthetic captions, and remove noisy image-text pairs.

Model Pretraining Dataset Bootstrapping

Filter Filtering
(Image-grounded |:> {(w, Tw)} + 1y, Ts)
Text Encoder) ﬁ
ITC&ITM finetuneﬁ {(w, Ty)} @

D = {(IW' Tw)} a {(Ih; Th)}

Pre-train@

Multimodal Mixture of
Encoder-Decoder

I,,: web images
I;,: human-annotated
images

D = {(Iwr Tw)} 5 {(IWr Ts)}
{(Ih! Th)} +{(Ih» Th)}
LM finetune @

Captioner @
(Image-grounded :> 1w, T5)}

Text Decoder) Captioning

T,,: web texts

T,,: filtered web texts

T: synthetic texts

T: filtered synthetic
texts

T}, : human-annotated

texts

Filtering and re-captioning in MS-COCO style — Still meaningful in large-scale?
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BLIP

- Noisy captions vs. (clean) synthetic captions

T,,: “from bridge

near my house”

T,: “a flock of birds
flying over a lake at

sunset”

T,,: “in front of a house

door in Reichenfels,

Austria”

’{f" &' T: “a potted plant sitting
[’ on top of a pile of rocks”

T,,: “the current castle was
built in 1180, replacing a 9th

century wooden castle”

T,: “a large building with a lot

Eap 1 of windows on it”

Figure 4. Examples of the web text 77, and the synthetic text Ts. Green texts are accepted by the filter, whereas red texts are rejected.

Method

UNITER (Chen et al., 2020)
VILLA (Gan et al., 2020)
OSCAR (L1 et al., 2020)
UNIMO (Li et al., 2021b)
ALIGN (Jia et al., 2021)
ALBEF (Liet al., 2021a)

BLIP
BLIP
BLIPcapFilt-L

BLIPviTL

Pre-train
# Images

4M
4M
4M
5. M
1.8B
14M

14M
129M
129M

129M

R@]
65.7
70.0
77.0
77.6

80.6
81.9
81.2

| 82.4

TR
R@5
88.6
91.1
93.5
94.3

95.2
95.4
95.7

95.4

COCO (5K test set)

R@]10 R@]1 R@5

93.8
95.5
96.9
97.2

97.6
97.8
97.9

97.9

52.9
54.0
59.9
60.7

63.1
64.3
64.1

65.1

IR

79.9
80.8
83.3
84.3

85.3
85.7
85.8

86.3

R@10 | R@l R@5

88.0
88.5
89.8
90.5

91.1
91.5
91.6

91.8 | 97.4

87.3
87.9

89.4
95.3
95.9

96.6
97.3
97.2

Flickr30K (1K test set)

TR

98.0
97.5

98.9
99.8
99.8

99.8
99.9
99.9

99.8

IR

R@]10 R@] R@5 R@]10

99.2
98.8

99.8
100.0
100.0

100.0
100.0
100.0

99.9

75.6 941 96.8
76.3 942 96.8

78.0 942 97.1
849 974 98.6
85.6 975 989

872 97.5 98.8
873 97.6 98.9
875 97.7 98.9

8/l6 9./ 990
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SimVIM

* Only trained with a prefix language modeling objective

Transformer Encoder

TT 1T 1
8 O

- - -

l ;(: .-|5 m ':(: :

Xn Xp2 Xp3 xpa XpS v
W
JONV OSl¢ -

Two

Token Embedding

T

brown and

white

dogs

running happily on 3 dirt road

T T Tt 1T T 7

Transformer Decoder

T T T 1T T 7

running happily on a

[I] positional embedding

patch/text embedding
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Recap — SimVLM'’s versatility

SimVLM (Wang et al., 2021) “pretrains on large-scale web datasets for both image-

text and text-only inputs.”

Their formulation of PrefixLM is modality-agnostic, where text-only corpora to

compensate for noisy text supervision in web-crawled datasets.

happlly
running a dirt road </s>

RREEER

Transformer Encoder — Transformer Decoder
brtttrttretsts bttt ottt
.............. <s$> running on a dirt road

Image patch tokens Two brown and white dogs happily

Text tokens NAVER Al LAB



Summary

Uni-encoder: VisualBERT, VILBERT, UNITER, VilLT
Dual-encoder: CLIP, ALIGN, ALBEF
Encoder-decoder: BLIP, SimVLM

NAVER Al LAB



Break



Large-scale

Multimodal Pre-training




Scaling-up VLP

* Larger model size and bigger dataset

NAVER Al LAB



Scaling-up VLP: CoCa

Contrastive loss (CLIP) + Captioning loss (SimVLM)

two dogsrunning in a field [/s]

r1T 1t 1111
Multimodal
Text Decoder

<—
attentional pooling cls-token

. * Data: ALIGN 1.8B + JFT-3B
Image Unimodal

Encoder Text Decoder * Model size: Image encoder 1B, Text decoder 1.1B

I 1111111

O0000000000ao [s] two dogs runningin a field [CLS]

f
|

image text

“two dogs running in a field” } pairs

?
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Scaling-up VLP: CoCa

SNLI-VE

88

Zero-shot
Flickr30K (T21)

ImageNet

91.5

Zero-shot
Flickr30K (12T)

Kinetics-400

Kinetics-600

Zero-shot
87.5

ImageNet

Zero-shot
Mscoco(I2T)

Zero-shot
Mscoco(T2l1)

SOTA
(specialized models)

Florence
(dual-encoder)

SimVLM
(encoder-decoder)

CoCa

* Frozen feature evaluation

* Outperforms task-specific models
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Scaling-up VLP: BEiT-3

Image as a Foreign Language: BEIT Pretraining for All Vision and Vision-Language Tasks
Simple architecture design: Encoder-only Transformers

Simple objective: Masked [data] prediction (no contrastive learning)

Masked Data Modelin
J : Switching Modality Experts

|
T I V-FFN L-FFN VL-FFN
Language VL

BEIT-3

(Multiway Transformer)

T T T Shared Multi-Head
Image-Text Self-Attention

Pairs

Images Texts

Multimodal Input
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Scaling-up VLP: BEiT-3

Image as a Foreign Language: BEIT Pretraining for All Vision and Vision-Language Tasks

Simple architecture design: Encoder-only Transformers

Simple objective: Masked [data] prediction (no contrastive learning)

Masked Data Modeling @ =+ mmeeemmeo T
J : Switching Modality Experts

|
T I V-FFN L-FFN VL-FFN
Language VL

BEIT-3 = e e TR ROn e

(Multiway Transformer)

T T T Shared Multi-Head
Image-Text Self-Attention

Images Texts _
Pairs

1 1 1

In a batch: —image + —text + —(image+text) Multimodal Input

3 3 3

Switching Modality Experts

Fully Shared Attention Layers
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Scaling-up VLP: BEIT-3

Semantic
Segmentation
Visual (ADE20k) ImageNet
Reasoning Classification

(w/ Public
(NLVR2) Resource)

Image : 2, Object
Captioning Detection
(COCO) L, (COCO)

Model size: 1.9B params
Data: 21M image-text pairs, 15M images, 160GB texts

Visual Question

Answering -2 - 0 . 84.0 Fln?é%ncecc)j)lzT
(VQAV2) |

Task-wise fine-tuning

Outperforms CoCa (tuning upon frozen features)

Zero-shot T2I Finetuned T2I
(Flickr30k) : - (COCO)

Previous SOTA
CoCa

Flamingo
Zero-shot 12T Finetuned 12T Floren vl
(Flickr30K) (Flickr30Kk) lorence

Finetuned T2 BEIT-3 (This Work)
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Scaling-up VLP: Pall

PaLl: A Jointly-Scaled Multilingual Language-Image Model (Google)

Reuse of unimodal backbones
Vision: ViT-G (1.8B params)
Language: mI'5-XXL (13B params)

WebLI dall'ase.l' | ‘ Chinese

Web crawled image-text covering 109 languages

10B images, 12B alttext, and 29B image-OCR pairs

Alt-text "free stock photo of matrix "carte joyeux noél anges  "muaziniusanldivie  "A4TIL Bk 138 KL K
and sidekick" et étoiles" nigvinaeiag” k& FRMN jEdE TR <"

OCR “card,"
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Scaling-up VLP: Pall

* VQA-like LM objective

* Experiments (says better than BEIT-3)
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The LLM era begins

o~
< T5 G GShard

/S G mT5 §"é PanGu-¢

=~ 2021 e
~N |4 —— £/ PLUG
GPT-3 @ /

Codex @

Anthropic A\

WebGPT@

Ernie 3.0 Titan Oé& InstructGPT @

Gopherg CodeGen

-
GLaM {5 MT-NLG

Ve

5 FLAN

inspur Yuall 1.0
HyperCLOVA

OPT (X
CodeGeeX ‘

- Al

A
GPT-NeoX-20B [

BLOOM GLM (»)  Tk-Instruct Ai2

mTO0 Cohere 4

AlexaTM a

BLOOMZ

WeLM | ) I}
Galatica 09 —/\ | 7_1|2

OPT-IML (OX

Publicly Available
'&‘ Ernie 3.0

AI21 3y rassic-1
labs

s CPM-2

@ YuLan-Chat

o~
o0 7 LaMDA
_/

@ AlphaCode
@ Chinchilla

b Sparrow

© catcrm
T@ Falcon
G PalLM2

@ Pythia = InternLM

Vicuna

0
O Flan-PaLLM §"é

)X( Luminous

00 NLLB

<) Qwen2

(5 Flan-T5

=2 Qwen § DeepSeek-V2

PanGu-r |#y Mistral Q) LLaMA3

'§ Deepseek

HUAWEI

3 Bard MiniCPM

00 LLaMA I;-ﬂl p Mixtral Gemma
11-12 5093 I | |
2024 — 1.5 =

ChatGPT GPT-4 @ 00 LLaMA2
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= = = = Continue pre-training

Model inheritance } Instruction

Data inheritance tuning

+ chat data
4
@\ Cornucopia = = -

+ Alpaca data
Vr, Lawyer
4~ | LLaMA

+ chat data
QiZhenGPT

+ task data
I!_!I TaoLi

BenTsao ;l\l LAWGPT

The LLM era begins

+ chinese data

Chinese
Vicuna

BilLLa
+ chat data
[5/z] BELLE
Ziya

+ task data

Koala

ChatMed

Parameter-efficient fine-tuning

Full parameter fine-tuning

synthetic data

+ task data
Alpaca

RLHF - Yulan-Chat

5

PKU-Beaver S |ﬁ|

+ synthetic data

OpenFlamingo LLaVA
MiniGPT-4
+ task data
+ task data

Guanaco

+ task data VisionLLM InstructBLIP Chatbridge

LLaMA
Adapter PandaGPT

Multimodal models

@ Math @\ Finance Medicine ;;r; Law E/j] Bilingualism [l Education
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Toward the multimodal ability in LLM era

*Industry: Build upon their closed (private) LLMs
* E.g., GPT, Gemini, HyperCLOVA-X, ...

* Academia: Leverage public (and/or open-source, open-data) LLMs

* E.g., Llama, Mistral, Qwen, OLMo, ...
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Frozen: Multimodality on frozen LLMs

* Frozen: Multimodal Few-Shot Learning with Frozen Language Models (DeepMind)

* Goal: tew-shot prompting, without fine-tuning

This person is
like & .

This was invented
by Zacharias
Janssen.

With one of these I
can drive around a
track, overtaking

other cars and taking
corners at speed

This person is
like @ .

This was invented by
Thomas Edison.

With one of these I can
- take off from a city and

TiFﬁé#Hfﬁff fly across the sky to
somewhere on the other
side of the world

s 3
ﬂyf'. _

This person
is like

This was
invented by

With one of
these I can

Model Completion

). <EO0S>

Model Completion

the Wright
brothers. <E0S>

Model Completion

break into a secure
building, unlock the door
and walk right in <EO0S>
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Frozen: Multimodality on frozen LLMs

Image captioning (language modeling) objective. CC3M

Blue <EOQS> This is a dax . <EOS>

| Language Model . :
Self Attention Layers Self Attention Layers
(7B params) o  Hrozen _

Vision Text Vision Text Vision Text
Language Model Encoder Embedder Encoder Embedder Encoder Embedder

Text Embedder

This is a W - This is a : Question:
dax. Y blicket. i What is
il this?
Answer:

Rl Question:
=_&" What colour
is the car?
Answer:

small red boat - L

(@) 0-shot VQA (c) Few-shot image classification

Training (only update vision encoder) Inference

NAVER Al LAB



Frozen: Multimodality on frozen LLMs

Impressive zero-shot (n=0) and few-shot (n=4) performance

But, huge gap to SOTA

n-shot Acc.

Frozen

Frozen scratch
Frozen finetuned
Frozen train-blind

Frozen vqa
Frozen vQa-blind

Oscar [23]

NSNS X X X X[

n-shot Acc.

Frozen 5.9
Frozen 400mLM 4.0
Frozen gnetuned 4.2
Frozen train-blind 3.3

Frozen VQA 19.6
Frozen VQA-blind 12.5

MAVEx [42] | 39.4 |

N3 X[ XXX X |
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Flamin go Z;”

* Flamingo: a Visual Language Model for Few-Shot Learning (DeepMind)

giraffes: 4

, my favourite play is
Hamlet. I also like

Dreams from my

I lik di
ike reading Father

, my favorite book is

What is the common thing
about these three images?

They are all flamingos.

What happens to the
man after hitting the he falls down. What is the difference between
ball? Answer: these three images?

The first one is a cartoon, the

second one is a real flamingo,

and the third one is a 3D
= model of a flamingo.
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Flamingo o

Bridge powertul pretrained vision-only and language-only models
Handle sequences of arbitrarily interleaved visual and textual data
Seamlessly ingest images or videos as inputs. (Perceiver Resampler, Gated-XAtin)

Output: text Objective: next (text) token

§>]?2 Pretrained and frozen : .
P a very serious cat.

prediction

Trained from scratch f
n-th LM block 22

n-th GATED XATTN-DENSE

| Frozen } Perceiver Perceiver

Language Vision Resampler Resampler 1st LM block S

Flamingo-3B 14B 435M T T 1st GATED XATTN-DENSE

Flamingo-9B 71B  435M EVnicsoidoenr EVnicsoidoenr i d
Flamingo 70B 435M rocessed text

<image> This is a very cute dog.<image> This is

Interleaved visual/text data

- | This is a very cute dog.| &
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o 2\
Flamingo ™

* Training data:
ALIGN noisy image-text pairs: 1.8B
LTIP (Long Text & Image Pairs): 312M
M3W (MultiModal MassiveWeb): 43M image-text inferleaved data

This is an | | [REA00 wthE : +| This i (5 SN This is a
image of a St T doing a . 3 &%) L Apicture of
' AN ‘ ' )

flamingo. P S kickflip. |  website!

Image-Text Pairs dataset Video-Text Pairs dataset Multi-Modal Massive Web (M3W) dataset
[N=1, T=1, H, W, C] [N=1, T>1, H, W, C] [N>1, T=1, H, W, C]
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SN
Flamingo ™

* Model architecture: Perceiver resampler + Gated Xattention

§ﬁ Pretrained and frozen

Trained from scratch

Perceiver
Resampler

I
Vision
Encoder

Perceiver
Resampler

f
Vision
Encoder

Output: text

Pa a very serious cat.

f
n-th LM block -2

n-th GATED XATTN-DENSE

1st LM block 32
1st GATED XATTN-DENSE

Processed text
<image> This is a very cute dog.<image> This 1is

Interleaved visual/text data
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Flamingo

* Perceiver resampler

Perceiver Resampler

def perceiver_resampler(
x_f, # The [T, S, d] visual features (T=time, S=space)
time_embeddings, # The [T, 1, d] time pos embeddings.
X, # R learned latents of shape [R, d]

num_layers, # Number of layers
"""The Perceiver Resampler model."""

the time position embeddings and flatten.
x_f + time_embeddings
flatten(x_f) # [T, S, d] -> [T * S, d]
# Apply the Perceiver Resampler layers.
for i in range(num_layers):
# Attention.

1ate.nt X = X + attention_i(q=x, kv=concat([x_f, x]))
querleS # Feed forward.

... ... X = x + ffw_i(x)

return X
Vision Vision
Encoder Encoder
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Flamingo

* GATED XATTN-DENSE

gated_xattn_dense(

y, # input language features

X, # input visual features

alpha_xattn, # xattn gating parameter init at @.
alpha_dense, # ffw gating parameter init at @.

self attention
=i§ ""Applies a GATED XATTN-DENSE layer.""'

. Gated Cross Attention

tanh gating y + tanh(alpha_xattn) * attention(g=y, kv=x)
I

FFW t 2. Gated Feed Forward (dense) Layer
y + tanh(alpha_dense) * ffw(y)

. o , . ¥
tanh gating Regular self-attention FFW on language
I

= y + frozen_attention(q=y, kv=y)

cross attention L

return y # output visually informed language features

Q=[Y]

Vision Language
. X ) e
1nput 1nput
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Flamingo

* Results: near SOTA without fine-tuning

Method FT Shot

OKVQA (I)
VQAvV2 (I)
COCO (I)

VATEX (V)
VizWiz (I)

Flick30K (I)

YouCook2 (V)
STAR (V)
VisDial (I)

TextVQA (I)

NextQA (I)
HatefulMemes (I)
RareAct (V)

5 MSVDQA (V)
%[ MSRVTTQA (V)

[135]
12.2
(0)
32.7
35.7
37.7
35.2
37.7
40.7
40.7
44.1
45.3

[48 &

B

[114]  [124]
38.2 32.2
(4) ()
492 T30
53.2 85.0
57.1 99.0
51.8 794
56.3 93.1

Zero/Few
shot SOTA

(8]
N
\
[o—
O
(\®)

701 289 606
500 340 720
592 455 712
395 288 615
517 349 726
604  106.3 574 440 728
563 843 167 316 672
63.1 1032 417 560 396  75.1
676 1138 523 651 498 754
retramed [140]  [124]  [28]  [153]  [65] [150]  [51]  [135]

Y7

(444K) (S00K) (27K) (S00K) (20K) (30K) (130K) (6K)

Flamingo-3B

Flamingo-9B

S WA W WA WN
d P AR E el =
N ooy

Flamingo

X
X
X
X
X
X
X
X
X
X

N

u)[\)r—tl\)r—tr—A[\)r—tv—aA
O\ = W N0 00 W B =D
o] R— NN RN NI "G S I | e WiV o T e R

Y | | /
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FrozenBiLM

Frozen

Trained

T

V1

Visual-Text Projection P° ...

u,t

Visual Backbone hqg

—

7

C——

Frame 1 V1

* Adapters for VideoQA

cut cake wedding

$ f 1
MLMmg  MLMmy MLM g

?

s o tho Add & Norm

*

Adapter A
Transformer Encoder (Language Model) with Adapters fg A

¢ ~.| Feed-Forward
Visual-Text Projection /P

tl tz t3 t4 t5 t6 t7 tg tg tll Add & Norm
urt A

Visual Backbone h¢ Token Embedder gg Adapter A

=2 REREEEEERE A

The bride and the groom [MASK] the [MASK] at the [MASK]

Self-Attention

j—

e ' " Caption X

Frame T yr
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BLIP-2

BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and

Large Language Models

Vision-and-Language | Vision-to-Language
Representation Learning | Generative Learning

%

11 — . i : =
EnCOder i u Write a romantic message

that goes along this photo.

Love is like a sunset, it’s
| hard to see it coming but
Queries 5 when it does it’s so beautiful. |

Bootstrapping Pre-trained Bootstrapping Pre-trained
Image Models X Large Language Models (LLMs)

Training (vision encoder) + (language model) is heavy (e.g., Frozen, Flamingo)

Lightweight way to bridge two modalities
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BLIP-2

BLIP-2 has two-stage training: (1) training Q-Former (2) Integrating with LLMs
Q-Former: similar to Perceiver Resampler of Flamingo ™

Objectives: image-text matching, text generation, image-text contrastive learning

Q: query token positions; T: text token positions.

Q-Former
Image-Text Image-Grounded B masked [] unmasked
Matching Image-Text Text Generation

Input Image Contrastive .

Learning DD DD QDD DD QDD DD
* for every DD DD DD DD DD DD
Tzt other block DD BE DD o DD B

Encoder Attention Masking

bidirectional DD DD DD DD DD DD

mutlimodal causal
vl v feg A Bi-directional Multi-modal Causal Uni-modal

Self-Attention Mask  Self-Attention Mask Self-Attention Mask

Learqed Inout Text : Image-Text Image-Grounded Image-Text
Queries P Matching Text Generation Contrastive Learning

\f

-
1
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BLIP-2

+ Connect Q-Former (with the frozen image encoder attached) to a frozen LLM

B Output Text | a cat wearing sunglasses
Bootstrapping from a

Decoder-based T2H Image Fully
Large Language Model 2 Encoder Connected
(e.g. OPT) |

LLM Decoder

D000 .
Input Image > SOH' V|sua| promp’rs

b Suffix Text | wearing sunglasses
Bootstrapping from an

Encoder-Decoder-based Fully < LLM Encoder % LLM Decoder

Large Language Model Encoder Connected

(e.g. FlanT5) |
B

Input Image Learned Queries Prefix Text

Encoder-Decoder-based LLM (e.g. FlanT5) - prefix language modeling loss
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BLIP-2

* Performance

#Trainable VQAvV2
Params test-dev test-std

#Trainable NoCaps Zero-shot (validation set) COCO Fine-tuned

Models p in-domain near-domain  out-domain overall Karpathy test
arams cC s C S Cc S C S |Be4 C

OSCAR (Li et al., 2020) 345M - - - - - - 809 113 | 374 127.8
VinVL _(Zhang et al., 2021) 345M 103.1 142 96.1 138 883 121 955 135 | 382 129.3
BLIP (Liet al., 2022) 446M 1149 152 1121 149 1153 144 1132 148 | 404 136.7

Models

Open-ended generation models
ALBEF (Liet al., 2021) 314M 75.84  76.04
BLIP (Liet al., 2022) 385M 78.25  78.32
OFA (Wang et al., 2022a) 930M 82.00 82.00
Flamingo80B (Alayrac et al., 2022) 10.6B 82.00 82.10

BLIP-2 ViT-g FlanT5x, 1.2B 81.55 81.66
BLIP-2 ViT-g OPT, 78 1.2B 81.59 81.74
BLIP-2 ViT-g OPTg 75 1.2B 82.19 82.30

OFA (Wang et al., 2022a) 930M - - - - - - - - 43.9 145.3

Flamingo (Alayrac et al., 2022) 10.6B - - - - - 138.1
SimVLM_(Wang et al., 2021b) ~1.4B 113.7 110.9 - 115.2 - 112.2 - 40.6 143.3

BLIP-2 ViT-g OPT; 7 1.1B 123.0 : 117.8 123.4 119.7 43.7 145.8
BLIP-2 ViT-g OPTg 78 1.1B 123.7 : 119.2 124.4 121.0 43.5 145.2
BLIP-2 ViT-g FlanT5x. 1.1B 123.7 3 120.2 124.8 121.6 42.4 144.5

Closed-ended classification models
VinVL 345M 76.52  76.60
SimVLM (Wang et al., 2021b) ~1.4B 80.03 80.34
CoCa (Yu et al., 2022) 2.1B 82.30 82.30
BEIT-3 (Wang et al., 2022b) 1.9B 84.19 84.03

* Relatively small model size, open-sourced model
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Production-level Large VLMs

Example of GPT-4 visual input: Benchmark GPT-4 Few-shot SOTA
User What is funny about this image? Describe it panel by panel. Evaluated SOTA Best external model (includes
O oo o few-shot benchmark-specific training)
: e VQAV2 77.2% 67.6% 84.3%
1.-i'u?: VQA score (test- 0-shot Flamingo 32- PaLl-17B
) dev) shot
TextVQA 78.0% 37.9% VARSI
VQA score (val) O-shot Flamingo 32- PalLl-17B
shot
ChartQA 78.5%" - 58.6%
Relaxed accuracy Pix2Struct Large
(test)
Al2 Diagram (Al2D) 78.2% - 42.1%
Accuracy (test) O-shot Pix2Struct Large
DocVQA 88.4% - 88.4%
ANLS score (test) O-shot (pixel- ERNIE-Layout 2.0
only)
Source: https://www.reddit.com/r/hnunm/com;xlet/bab5v/hmmm/ o |nfographic VQA 751% - 612%
The image shows a package for a "Lightning Cable" adapter with three panels. ANLS score (test) O-shot (pixel- Applica.ai TILT
Panel 1: A smartphone with a VGA connector (a large, blue, 15-pin con- onIY)
icall d f i 1 d into its chargi .
nector typically used for computer rrTonlto.rs) plugged into its ¢ a.rg ng pf)rt TVQA 87 3% ) 86.5%
Eir]lgc}lAZCzor;l;ll;itgragl;ali%e for the "Lightning Cable" adapter with a picture of Accuracy (vaI) 0-shot MERLOT Reserve Larg e
Panel 3: A close-up of the VGA connector with a small Lightning con- LSMDC 45.7% 31.0% 52.9%
nector (used for charging iPhones and other Apple devices) at the end. Fill-in-the-blank 0-shot MERLOT MERLOT
The humor in this image comes from the absurdity of plugging a large, dCcuracy (test) Reserve 0-shot

outdated VGA connector into a small, modern smartphone charging port.
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LLaVA

LLaVA: Large Language and Vision Assistant

What is missing in previous works?

GPT-4 visual input example, Extreme Ironing:

User What is unusual about this image?

Lack of Instruction-following ability

Lack of instruction-related data

Then, how to collect the vision-language

instruction dataset?

Human annoftation is too costly (e.g., read text

- "’n"- y - . -
j > . o Py
et ST

a n d See I m a g e, Th e n W r I Te .I-h e O U'I'p u 1.) Source: https: //ww. baora. com/wp—content/uploads/2/15/2)3;Confusing—Pictures .jpg

The unusual thing about this image is that a man is ironing clothes on an ironing

Leverage LLMs to generate instruction data board attached to the roof of a moving taxi.
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LLaVA

* Use language-only GPT-4 as strong teacher

* Creating dataset: 158K image-text instruction dataset

Context type 1: Captions

A group of people standing outside of a black vehicle with various luggage.
Luggage surrounds a vehicle in an underground parking area

People try to fit all of their luggage in an SUV. =t
The sport utility vehicle is parked in the public garage, being packed for a trip e .
Some people with luggage near a van that is transporting it. -4
Context type 2: Boxes —

person: [0.681, 0.242, 0.774, 0.694], backpack: [0.384, 0.696, 0.485, 0.914], suitcase: ...<omitted>

Response type 1: conversation
Question: What type of vehicle is featured in the image?
Answer: The image features a black sport utility vehicle (SUV) ...<omitted>

Response type 2: detailed description

The image is an underground parking area with a black sport utility vehicle (SUV) parked. There
are three people in the scene, with one person standing closer to the left side of the vehicle, another
person in the middle, and the third person on the right side. They are all working together to pack
their luggage into the SUV for a trip. ...<omitted>

Response type 3: complex reasoning

Question: What challenges do these people face?

Answer: In the image, a group of people is standing outside a black SUV in a parking area,

surrounded by various pieces of luggage, including suitcases and backpacks. They are facing the
challenge of fitting all their luggage into the black SUV. There are multiple suitcases and backpacks
to be packed, which suggests that the group has a significant amount of belongings ...<omitted>
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LLaVA

Visual input example, Extreme Ironing:

* Model architecture
* Vision encoder: CLIP ViT-L/14
* LLM: Vicuna-/B

Source: ht 3://www.barnorama.com/wp-content/uploads/2016/12/03-Confusing-Pictures. jpg

What is unusual about this 1mage’7

The unusual aspect of this image is a man ironing clothes on the back of a minivan or
van. This is not a typical place to perform this activity, as one would usually iron clothes
in a more stationary and safe location, such as a home, using a regular ironing board.
The scene depicted in the image is peculiar as it involves a makeshift ironing setup on a
vehicle, which can be both unsafe and unconventional. Additionally, it is not clear how
the man is able to maintain balance and stability while ironing clothes in such an unstable
environment.

[Start a new conversation, and clear the history]

What’s happening in the scene?

The image depicts a man standing on top of a yellow SUV in a busy city street. He is
holding a portable ladder, seemingly ironing clothes while standing on the vehicle. Around
the scene, there are other cars, a traffic light, and a fire hydrant. Additionally, there are
two other people in the vicinity, one close to the man on the car and another further away.
The man on the ladder appears to be attracting attention due to his unconventional choice
of ironing his clothes on top of a moving car. The city street around him is bustling with
activity, adding to the unique nature of the scene.

Language Response Xa Q Q Q

Language Model f¢

QQQ A0

Projection W
rojection Z. H, %H

Vision Encoder X, Image Xq Language Instruction

User What is unusual about this image?
GPT-4 [ 0] The unusual thing about this image is that a man is ironing clothes on an ironing board
attached to the roof of a moving taxi.

User What is unusual about this image?
BLIP-2 a man is sitting on the back of a yellow cab

User What is unusual about this image?
OpenFlamingo The man is drying his clothes on the hood of his car.
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Vision-language Models
2024~



Meta CLIP 2 (2025)

Previous filtering: English-based, data with non-English will be removed

This causes multi-linguality problem in CLIP

_S\a
(o W L
.__,“\— ) S"[&__)
OpenAl CLIP
D : :] MetaCLIP

English

===

Toverars (]

Non-English

All

MetaCLIP 2

2.3X seen pairs (Sec. 3.4)
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SigLIP 2 (2025)

Better localization and dense prediction tasks (semantic segmentation, etc.)

Vision-inspired techniques on vision encoders

LocCa loss (100%):

- captioning
. . SILC/TIPS loss (20%): - dense captioning
Add Cd pTIOnlng |OSS - self-distillation - ref. expressions

- masked prediction

T \ cross-attn. Sigmoid loss (100%)

t dient . head
stop gradien aux. hea MAP head

EMA
Image Image Text
Encoder Encoder Encoder
(teacher)
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Conclusion

Scaling-up multimodal model size
Scaling-up multimodal dataset size

Simplified architecture and objective
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Thank You!



Reference materials

+ https://cs.uwaterloo.ca/~wenhuche/teaching/cs886/

+ https://advances-in-vision.github.io/schedule.html
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