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Image-text Tasks Overview

Close-set classification

What color is the plate? Popular Image-text Tasks:

Open-ended text sequence
....'.--li-

Popular Image-text Tasks:
Image captioning,
paragraph captioning,

x \‘i\ storytelling, open-ended

A donut on a white Iate VQOA
next to a cup of latte.

VQA, GQA, VisDial, VCR,
NLVR2, image-text matching

___________________________________ Unified Image-Text
Modeling

A donut on a
white plate =

|
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! Popular Image-text Tasks:
I

, nexttoacup
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Text-to-image synthesis,
text-based image
editing

Popular Image-text Tasks:
Referring expression
comprehension/
segmentation, phrase
grounding, grounded
captioning

" of latte.




Close-set Classification
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Text feature J yes

o Two woman are holding
packages.
The sisters are hug

Why is [persondfill] pointing at
[person1i§]?
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The left Image co

d} He is giving [ perseniff]] directions

image, and at least two dogs in total are standing. Premise Hypothesis
Image—text True VCR a) Visual Entailment
matching, Ealca b) Entailment E‘e”:rall_ct_
ontradiction
NLVR2 o
visual commonsense reasoning | )

Natural Language for Visual Reasoning

s Entaflment
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Open-ended Text Sequence

)
] .,

“Open-vocab”: language
model tokenizer vocabulary,
e.g., 30522,50265

- Image feature A donut on 3 donut
- Multi-Modal . cofiee
N /e Fusion Auto-regressive decoder
) .. S
Optional text input/ Empty l—' Text feature J =0 t=1 =2 =3 |, integer
theorem

® This image is of a family celebrating
Christmas. They are all gathered
around a dinner table, with a turkey
and other food on it. The family is
smiling and seems to be enjoying
themselves. There is a Christmas
tree in the background and some

A donut on a white plate
next to a cup of latte.

Christmas lights on the walls.

Image captioning Paragraph Captioning

What color is the plate?
The plate is white.

Open-ended VQA



Box/mask Localization

Image feature

| m™
[ Multi-Modal }_ [X1, Y1, Xo» Y5l:

) N
)

_:: Fusion [90.1, 83.2, 184.9, 180.4]
{ The donut on the white plate ]—»L Text feature }
glass bottles blonde hair pedestrian crosswalk

A man with pierced ears is wearing gliasses and an ori

A man with glasses is wearing a beer can crotehed ha \ /[ S 13 | groun di ng La nguage-based segme ntation

A man with gauges and glasses is wearing g Blivs bt

A man in an orange hat starring at ﬁumelhing( R E C! p h rase g rOu nd i ng) ( RE S)

A man wears an orange hal and glasses.



Pixel Prediction

Optional image input/ Empty

Image feature

)
)

L 4

Multi-Modal
Fusion

'

A donut on a white plate next
to a cup of latte.

Text feature

|
)

Pixel values

Adonutona “Rimove bottans:
white p'EtE right large red cube”
next to a cup
of latte. .
“This bird has wings .
that are black, and -
has a red belly and a
. . ) L red head™ i
Text-to-image synthesis Text-based image editing Sy




5. Fi#ESS

PHEIS:

Visual Question Answering (VQA). VQA FiE2X T— B EIEERASEXNRE, SER
MR AZEE G, HHEEENS, R ANEEIMNER.

Visual Reasoning and Compositional Question Answering (GQA). 2VQARNHEM, S
EHBEARSREENR. BEEUEEFNES. HENEEEEREINEY .
Video-Language Inference (VLI). ‘5E— "L FEARIRIIARE, BN EE TR
BENBERESER, BETEEMZBRESSEEIMA BIETE,

Natural Language for Visual Reasoning (NLVR). B\ #EK Image fl— &R, BIHE
AL Image BUINARES 5, label REFEM (true/false) ,

Visual Entailment (VE). 7£ Visual Entailment &, Image 2812, Text ERig, #EENBRE
Fll Text EAE "Entailment Image” , —HB=r label, 5512 Entailment, Neutral #
Contradiction,

Visual Commonsense Reasoning (VCR). Visual Commonsense Reasoning &, F5EL%E
BEERAFEN, NT—NIRENIERER, BEUANWIMERETEFH—EE, ARE
MY iR i ik SR RN,

Grounding Referring Expressions (GRE). {57EX A, EFNARFHNBERXE, RN
— M7, EEERERTBHMMA region, MFXAMES, BAIRILXIE— region ght&iH
—~ score, score =AY region {EAFTN region,

El3ES5:

Multi-modal Sentiment Analysis (MSA). iEdF|B&EHES (Blfn. BE5%) Fal
TRRRIEE, EREA— N EREE T E RSB AE R,

HaRES:

Vision-Language Retrieval (VLR). 7£ Image-Text Retrieval 55, FiELE—MESANEE
AR, E5—MEEN) DataBase FHEXIMWATHEA, X MESE Image-Text Matching (F53FE
1801, BTLAME fine-tune AUIIFEFSREIEE positive pair 7] negative pair R TR |[EEEL,
ERESS:

Visual Captioning (VC). MEENMR (BGEim) BATMENYIMEL ESENSNAER,
Novel Object Captioning at Scale (NoCaps). 7 ETVCIES, LUHEENTHE GRS
R SRAIEE D, XU |ISERET 2B,

Visual Dialogue (VD). VDEYESHAE— 1 BE (i) . —BRBESSEH—NES0ER,
FiHER A RLnERRE %,



Why Unified Image-Text Modeling

Better performance

New capabilities

Task-agnostic unified systems

Image feature

.

)

Optional text input/ Empty

Text feature

l

Close-set i Open-ended text
classification - seguence

Unified Image-Text
Modeling
Box/mask

localizations ' Pixel prediction

What color is the plate? White

A donut on a white plate next
to a cup of latte.
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The most recent art

Contrastive Vision-Language Learning

R Lo ca :
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A lot of research works come along the line of vision-language learning for vision

https://github.com/phellonchen/awesome-Vision-and-Language-Pre-training



How about big multimodal models?

* Models that have either billion-level parameters or use billion-level pre-
training data are considered as “big” in this context
* First, note that foundation models are not necessa rhly needed to be big
* CLIP-like dual encoders and text-to-image big models (DALLE-2, Imagen) are
not considered here (will be covered in the afternoon session)
* Take VQA as an example (. Aliceming ViMo .
* OD-based models
* E2E models TR ! el e

BLIP
ALBEF&CLIP-ViL

. VinVL
Large model sizes and pre- ’

training data have been
the driving force for SOTA
performance.

75 =

UNITER

VL-BERT&LXMERT
MCAN

Visual Parsing
SOHO

ViLT

BAN

VILBERT&VisualBERT

70 -
pythia  REGAT

Counter

VQAv2 test-std accuracy

We will also briefly talk
about what’s beyond SOTA s
chasing in later slides. &5 -

I I I i i I
2017 July 2019 August 2021 April 2022 April

S —



A summary of big multimodal models

Model Size #Pre-training

Pre-training tasks

ImgEnc  TxtEnc  Fusion Total image-text data
CLIP ViT-L/14 302M 123M 0 425M 400M ITC
ALIGN 480M 340M 0 820M 1.8B ITC
Florence 637M 256M 0 893M S00M ITC
SimVLM-huge 300M 35M 600M 939M 1.8B PrefixLM
METER-huge 637M 125M 220M 982M 20M* MLM+ITM
LEMON 147M 39M 636M 822M 200M MLM
Flamingo 200M 70B 10B 80.2B 2.1B+27M video-text LM
GIT 637M 40M 70M 747M 800M LM
VLMo++ -- -- -- 565M 1B MLM+ITM+ITC
CoCa 1B 477M 623M 2.1B 4.8B (before filtering) ITC+LM
Scaling Up Visual and Vision-Language Representation Learning With Noisy Text Supervision Note: Some of the numbers here are based on our best estimate
Learning Transferable Visual Models From Natural Language Supervision *: excluding the data used to pre-train the Florence image encoder

Florence: A New Foundation Model for Computer Vision

SimVLM: Simple Visual Language Model Pretraining with Weak Supervision

An Empirical Study of Training End-to-End Vision-and-Language Transformers GIT: A Generative Image-to-text Transformer for Vision and Language

Scaling Up Vision-Language Pre-training for Image Captioning VLMo: Unified Vision-Language Pre-Training with Mixture-of-Modality-Experts
Flamingo: a Visual Language Model for Few-Shot Learning CoCa: Contrastive Captioners are Image-Text Foundation Models



Application: BAIDU
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Topic List

e Before CVPR (2021.11)

e ALBEF (NIPS21) Align before Fuse: Vision and Language Representation Learning with Momentum Distillation
Salesforce Research

e CVPR: (exploration)

e Vision-Language Pre-Training with Triple Contrastive Learning
UTA, Amazon

e Multi-modal Alignment using Representation Codebook
UTA, Amazon

e An Empirical Study of Training End-to-End Vision-and-Language Transformers
UCLA, Microsoft

e After CYPR (2022.4-6)-> AGI, Foundational model
e OpenAl: Flamingo
e Google: LIMoE
e Sensetime: Uni-Perceiver-MoE
e Allen Institute for AI: UNIFIED-IO

CVPR Trend :
e key word: CLIP, Pretrain, Video, Captioning -> more
e cmerging: Sign Language (4), vision-language Navigation (10+)
e declining: Cooking Recipes(1)
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Align before Fuse: Vision and Language Representation Learning with Momentum Distillation

Salesforce Research

ALBEF:

e Three key limitations

e V/T embeddings reside in their own spaces
e multimodal encoders learn to model their interactions -> challenging
e object detector is both annotation-expensive and compute-expensive
e requires bounding box annotations during pre-training
e high resolution images during inference
e [T datasets are collected from the web and are inherently noisy
® pre-training objectives (MLM) may overfit to the noisy text

e degrade the model's generalization performance.

e intermediate image-text contrastive (ITC) loss

e align the image features and the text features
e casier for the multimodal encoder to perform cross-modal learning

e unimodal encoders to better understand the semantic meaning of
images and texts

e learns a common low-dimensional space to embed images and texts

e to find more informative samples through our contrastive hard negative mining.

# Pre-train Flickr30K {1 K test set)
it Images TR IR
Rl R@y R@I) R@] R@s Ra@ld
UNITER [Z] 4M 3.6 05.7 N 068.7 89.2 93.9
CLIP 8] 400M 2R 08,7 00 4 687 0.6 05.2
ALIGN [H] 1.2B HE.0 O%.7 0o 7 75.7 0g3.% 068
ALBEF 4M 0.5 0% 0a.7 T6H.¥ 93.7 067
ALBEF 14M 04.1 yy.5 097 52.8 063 us.1
Table 3: Zero-shot image-text retrieval results on Flickr30K.
VA NLVR? SNLI-VE
Metod test-dev  test-std dev test-P val test
Vi sualBHR’l"_E:I-_J_I T80 TLD 6740  67.00 - -
VL-BERT [14] 71.16 - - - - -
LXMERT [1] 72.42 72.54 7490 7450 - -
12-in-1 B3] 73.15 - - 78.87 " 76.95
UNITER |Z] T2.70 72.9] TJTA8  TIEy  TRA9 TRI2R
VL-BART/TS 54| - 713 - T3.6 - -
VILT 2] 70.94 - 75.24  76.21 - =
OSCAR |3] 73.16 73.44 TROT  TE36 - -
VILLA [#] 73.59 73.67 78.39 7930 7947 79.03
ALBEF (4M) 74.54 74.70 20.24  B0OS0 0 2014 K030
ALBEF (14M) 75.84 T6.04 82.55  83.14 80.80 8091

Table 4: Comparison with state-of-the-art methods on downstream vision-language tasks.

Method # Pre-train Flickr30K (1K test set) MSCOCO (SK test set)
: Images TR R TR IR
R@1 Rw5 R@l) R@l R@5 R@10|R@l Rw@wS R@ld) R@l R@5 R@ild
UNITER 4M 873 980 992 756 941 968 [ 657 886 938 529 799 880
VILLA 4M 879 975 988 763 942 968 - - - - - -
OSCAR 4M - - - - - - 0.0 911 955 540 808 8BRS
ALIGN 128 953 998 1000 849 974 986 [ 77.0 935 969 599 833 898
ALBEF 4M 043 994 998 828 967 984 | 731 914 960 568 815 892
ALBEF 14M 959 995 1000 856 97.5 989 [ 7760 943 972 607 843 9.5
Table 2: Fine-tuned image-text retrieval results on Flickr30K and COCO datasets.
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i F : distillation
1
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1

exp(s(7, Im)/7)
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SCesicy lﬁ @ encoder Maodel
[ Faad fariard ] negatives [ Feed forward ] i
cross-entropy = KD loss 12x — | x6 |
[ Solf Attention ] Image-Text [ Self Attention J :
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1 “ f f ; N ;

5B ry~on [HY™ (1), p™ (D) + Hy™(T),p™(T)] 7777 S Ui

i
i Momentum

"E’il.t!

MOD > pSGUdO target |abe| Figurc |: Mustration of ALBEF. It consists of an image encoder, a text encoder, and a multimodal encoder.
We propose an image-text contrastive loss to align the unimodal representations of an image-text pair before
fusion. An image-text matching loss (using in-batch hard negatives mined through contrastive similarity) and a
(1 -0() OneS(V,T) + CX(V, T_m) masked-language-modeling loss are applied to learn multimodal interactions between image and text. In order to
improve learning with noisy data, we generate pseudo-targets using the momentum model (a moving-average

version of the base model) as additional supervision during training.
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Ablation

MoD
queue:65536

ITC+ITM (k) >ITC

text assignment pre-training

#Pre-train Ttk TR IR SNLI-VE NLVR? VA
Images SR (flickr test) {test) (test-P)  (test-dev)
MLM + I'TM 93,96  BR.55 T7.06 71.51 T1.40
ITC + MLM + I'TM 96,55  91.69 To.15 7988 73.29
AM ITC + MLM + I'TMpgea a7.01 9216 7977 80.35 T3.581
ITChop + MLM 4 ITM.rq 97.33 9243 7999 8034 T4.06
Full (ITCsmop + MLMuMon + ITMpam) | 97.47 9258 a.12 K044 T74.42
ALBEF (Full + MoDposnstream ) 9783 9265 8030 #0.50 T74.54
14M ALBEF | 9%.70  94.07 80.91 83.14 75.54

Table 1: Evaluation of the proposed methods on four downstream V+L tasks. For text-retneval (TR) and

image-retrieval (IR), we report the average of R@ 1, R@5 and R®@ 1{). ITC: image-text contrastive learning.
MLM: masked language modeling. I'TMnara: image-text matching with contrastive hard negative mining. MoD:
momentum distillation. MoDpownstean . Momentum distillation on downstream tasks.

" w/ hard negs w/o hard negs

Fhicke30K | s k=16 k=128 k=256| k=128
TR 97.30 98.60  98.57 98.57 | 98.22 (—0.35)
IR 9095 93.64 9309 9395 |93.68 (—0.31)

ALIGN:98.37

finetune: ITM-one negative

more 128 forward time

Table 6: Ablation study on fine-tuned image-text retrieval. The av-
crage recall on the test set 1s reported. We use s to filter top-k
candidates and calculate their sii, score for ranking.

e e
mage 12+ _pomose; o[ Mg
NLVR2 w/ TA w/o TA 1 3
share all share CA no share|share all share CA no share , Image Multimodal
il i #1-.[ Encoder llﬁ) ‘ Block J
dev 82.13 82.55 81.93 80.52 80.28 77.84 i
test-P | 82.36 83.14 82.85 81.29 80.45 77.58 Taxt Encoder
Table 7: Ablation study on NLVRZ. text
(b) NLVR?

three-way classification, pretrain 1 epoch

MLP

X6

Multimodal
Encoder
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Vision-Language Pre-Training with Triple Contrastive Learning

UTA, Amazon

e cross-modal alignment (CMA):maximizing the mutual information (MI)
e fail to ensure that similar inputs from the same modality stay close by

e global information -> localized and structural information (max local MI of local regions and global summary)
e triple contrastive learning (TCL)

e leveraging both cross-modal and intra-modal self-supervision.

A ITTM M#M 3 Y the man with pierced
: f: ears is wearing glasses
Fusion Encocer ¢ E > LI L and an orange hat
A 4 ol @]
Alignment LDlllll]l‘:ﬁll-l.
1 i 1 L 1H"- ..-'-""'___\__\'"‘- |
I i * =
OO N O 1T uDIIIIIJ_
- 1' i T 1 E T o
Vision Encoder Text Encoder SR BT T
(momentum) (momentum) |
3
|
the man with pierced § i@ [CLS] of vision encoder
ears is wearing glasses - SRR [0l [CLS] of text encoder (momentum)
and an orange hat | [CLS] of text encoder
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the man with pierced E g
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and an orange hat e i

| COCO VG SBU CC CC12M

# Images 113K 100K 859K 2.92M 10.97M
# text 567K 769K 859K 2.92M 10.97M

All of our experiments are performed on 8 NVIDIA A100
GPUs with PyTorch framework | *0]. Our vision encoder
is implemented by ViIT-B/16 with 12 layers and 85.8M pa-
rameters. Both the text encoder and the fusion encoder
are implemented by a 6-layer transformer. They are initial-
ized by the first 6 layers and the last 6 layers of BERT,
(123.7M parameters), respectively. We set K = 65, 536 and
m = 0.995. For the pre-training stage, the model 1s trained



MSCOCO (5K) Flickr30K (1K)
Method #lmages Text Retrieval Image Retrieval Text Retrieval Image Retrieval
R@] R@5 R@l0 R@] R@5 R@l0 | R@l R@5 R@l)0 R@l R@5 R@l0

ImageBERT [ %] oM 40 712 30.4 323 590 70.2 707 90.2 94.0 543 T79.6 87.5
UNITER [#] 4M 64.1 87.7 5 48.8 767 85.8 80.7  95.7 98.0 66.2 884 92.9
VILT [24] 4M 56.5 826 89.6 404  70.0 81.1 732 936 96.5 55.0 825 89.8
CLIP [3Y] 400M 584 815 88.1 37.8 624 T2 2 88.0  98.7 99.4 68.7  90.6 952
ALBEF [20] 4M 68.7  89.5 94.7 50.1 764 84.5 90.5 988 9.7 76.8 937 96.7
Ours 4M 71.4  90.8 95.4 535 90 87.1 930 991 99.6 79.6 951 97.4
ALIGN [23] ‘ 1.2B | 58.6 830 89.7 456 698 78.6 | 88.6  98.7 99.7 75.7 938 96.8

Table 2. Performance comparison of zero-shot image-text retrieval on Flickr30K and COCO datasets. For completeness, we also provide the
results of ALIGN | 26| which uses 1.8B image-text pairs (1.2B unique images) for pre-training. For text-retrieval (TR) and image-retrieval
(IR), we report the average of R@1, R@5 and R@ [().

MSCOCO (5K) Flickr30K (1K) VQA NILVR2 SNLI-VE

Method #lmages Text Retrieval Image Retrieval Text Retrieval Image Retrieval Method #lmages didey bl W bl vl teat

R@ R@5 R@I0 R@l R@5 R@10|R@ R@5 R@I0 R@l R@5 R@I0 g Sk i i
ImageBERT [ 4] 6M 66.4 898 944 505 787 871 | 80 976 992 731 96 960 OSCAR[25] [ 4M 73.16 7344 78.07 7836 X X
UNITER [#] aM 657 886 938 529 799 880 | 873 980 992 756 941 968 UNITER [¥] 4M 7270 7291 77.18 7785 78.59 78.28
VILLA [16] aM X X X X X X 879 975 988 763 942 968  VILT [24] AM 71.26 X 75,7 7613 X X
OSCAR [2¥] 4M 70.0  91.1 93.5 54.0  80.8 88.5 X X X X X X UNIMO [27] AM 73.79 74.02 X X 80.0  79.1
ViLT [24] aM 61.5 863 927 427 729 831 | 835 967 986 644 887  93.8 o
UNIMO [27] 4aM X X X X X X 89.7 984 99.1 747 9347 96.1 VILL’”'_,"] M 7359 73.67 7839 79.30 7947 79.03
SOHO [ 1] 200K | 664 882 938 506 780 8.7 | 8.5 981 993 725 927 961 ALBEF[Z0] | 4M 74.54 7470 80.24 80.50 80.14 80.30
ALBEF [20)] aM 73.1 914 960 568 815 892 | 943 994 998 828 967 984 Ours 4M 7490 7492 80.54 81.33 80.51 80.29
Ours aM 75.6 928 967 59.0 832 899 | 949 995 998 840 967  98.5

VinVL [4Y] | oM 7595 7612 B2.05 83.08 X X

ALIGN [25] | 1.2B [ 77.0 935 96.9 399 833 89.8 | 953 998 1000 849 974 98.6

Table 3. Performance comparison of fine-tuned image-text retrieval on Flickr30K and COCO datasets. For completeness, we also provide
the results of ALIGN [26] which uses 1.8B image-text pairs (1.2B unique images) for pre-training.



Module

TR IR: TR

Zero-Shot
MSCOCO Fhickr30K MSCOCO Fhickr30K
IR TR IR

IR | TR

Fine-Tune

+IMC (w/o aug) (4M)
+IMC (w/o aug) (14M)

TLL. 522
72.7 54.1

92.0
94.6 83.6

78.6|75.0 58.6 945 829
779 609 962 B6D

ALBEF

TCL

Figure 1. t-SNE visualization of learned features on the COCO
dataset.

better intra-modal representation: uniformly distributed text

MSCOCO (5K)

Flickr30K (1K)

m Text Retrieval  Image Retrieval  Text Retrieval  Image Retrieval

R@]l R@5R@I0R@] R@5 R@i{}iR@'l R@5R@10R@] R@5R@10
0.995|60.6 859 922 46.0 74.1 83.1 |67.2 89.3 944 52.7 79.0 85.7
0.9 |59.7 85.1 920 455 74.1 B35 |68.0 89.6 949 533 79.8 B6.3
05 |61.6 856 922 465 749 B4.0 |69.7 89.1 943 547 799 B6.9
0.0 |613 858 927 464 75.2 844 |70.0 88.6 93.0 53.3 785 B5.6

momentum coefficient: m

Zero-Shot Fine-Tune
Module MSCOCO Flickr30K MSCOCO Flickr30K
TR IR TR IR |TR IR TR IR
CMA+ITM+MLM | 68.7 50.1 90.5 76.8|73.1 56.8 943 §2.8
+IMC (w/o aug) 71.1 522 92.0 786|750 586 945 R29
+IMC 71.4 53.3 921 789|756 58.8 95.1 83.1
+IMC+LMI (Ours) | 71.4 53.5 93.0 79.6|75.6 59.0 949 84.0

Table 5. Ablation study of each component on image-text retrieval
tasks. The R@1 1s reported. For CMA+ITM+MLM, we use the

results in ALBEF [ 20].

» pooling: local features16*16->GAP->16 patchs

« use last layer

Pooling | Intermediate

TR

MSCOCO

Zero-Shot Fine-Tune
Flhickr30K MSCOCO Flickr30K
IR TR IR |TR IR TR IR

71.5
714
71.8
714

N

g T 1

529 924 791|757 58.6
229 9.5 TI9 75T 386
532 932 192|756 587
53.5 930 196|756 590

94.6 833
94.4 823
94.8 828
94.9 84.0

Table 6. Ablation study of image patch pooling and intermediate
local feature on image-text retrieval. R@ 1 1s reported.



Multi-modal Alignment using Representation Codebook

UTA, AmaZOn Prior I Cross-madal
feature align
Work:
e [mage and text typically reside in different regions of the feature space e
.smﬁm
e directly aligning them at instance level is challenging
e features are still evolving during training. -
e align cluster representation (codeword/ learnable prototypes) e \feature ks
e adictionary of cluster centers (codebook) Ours: Cruss-mogall
feature align code space

e optimal transport problem
e teacher-student distillation paradigm A cat wearing a mask EEEEp s //

stop | | | Mem Queue
TEIai_.’:I'!EF‘S SCREIEE 2 CLS ‘—}[ i
IEW gradiant ] +
~ Y £ ™
= M
Unimodal B Cross-modal
Transport Codebook .
;3.3 J Multimodal Encoder
R o
. : Sec 3.1 Mutimodsal Codsbook lsaming St ¢ Aoaiisie s shac S aell i idead
cat wearing a \ Digtillation Leaming J \ Pretraining !
mask L A S \ -
r

CLS |

Figure 2. Overview of our framework. For simplicity, we only display a pair of teacher-student encoders (e.g., teacher for the image and
student for the text) and similarly for the memory queue. The teacher is updated with an exponential moving average of the student (from
the same modality). The codebook helps bridge the gap between the different modalities. The entire framework 1s end-to-end optimized.



OT loss loss

[ tmge_,,mw mo mme} Algorithm 2 IPOT Algorithm.

1: Input: distance/similarity matrix Z, C, e, probability vectors pu., v

momentum update

% =21 TM =11
- Image-Prototype Texi-Prototype D
featu Sk Text feat L
ztzﬂiT 2, ZH'L"T [ e 5 Transport Plan similarity = e ] 3 Dy = d(=s,¢5).A4 = E_T1
: f (2 E : k) v 4: fort=1.2,3...do
Pi2i ("! ) exXp . / CXPp ¥ mreab | erotony ST e 5: Q=A@ T(t) j/ @ is Hadamard product
i codeboo mage-Prototype exi-Pro e codeboo " e
z v EQ!: prototypes gimilarityr - Transport Plgn prototypes ? for Jk__ 1112’ 35 - _K [E?
8 § i ~ Q7 T nQTs
- ZI“ e z;’“ 8: end for
Pize(I) = exp———/ E exp ——— : 9: T = diag(8)Qdiag(e)
,-:rr ..-,III. image to Prototype Text-Prototype 10: end for
m EQ loss OT loss e Eek T
= L : Return
el m' T : o : : 2 :
pi (Ijl exp ZnZy / Z oxp sy, Figure 3. This is the diagram illustrating how to calculate four  Algorithm 1 CODIS pseudocode
i ) ~ ~ codebook losses. “—: softmax operator. “—"": IPOT algorithm. ‘
.rr B i i 2 i i # gs, gt: student/teacher networks for image
= EQIJ — OT ](}SS_ —+ - CTOSS {;‘,]]t[‘(_)p}l', g gs, f;:bstﬁdgn:;/tgacher networks for text
: Ccoeboo =Dy-.
mT 7 ?“-'T . . . # Qv, Qt: image/text queue, d-by-M
7 ] Z1Z| codebook learning: optimal transport : c=. icemaric comperacure |
pli&t {_I ) (‘-Xp —/ p}il‘) —_— for (img, txt) in loader: # a minibatch with N samples
~ ,.:F. # teacher/student’s image view
| f img t, img s = gt(img), gs(img) # N-by-d
zm' e , 1~ pdexK
b Qr {Cl’ ci‘-'-‘ =y CP‘-} {— R ? # teacher/student’s text view
txt_t, txt s = ft(txt), fs(txt) # N-by-d
_,C Z i D T-:. — II P v T # calculate codebook loss
.l'::' ]E T [II( y : ) f II( T i ) EP( 2 i d”} [ R -’-311}5 I2P, T2P = img t@C, txt t@C, # N-by-K
T I T ropaas Piae, Yot Pizi, Yizi - Tg, Tf = IPOT(1-I2P), IPOT(1-T2P) # refer to Algo 2
Lol Fos. 6 Wi Y= B Py W) )
17 7 2pl iy, Loy Li2p ) — ilp, Li2p < L_otd: Tra.t(:e (IZPéE(] @-r;;) .sur(n() + ééaceé')lQP.t () @T£) . sum()
—E g B i i X L_co = H(img_s@C, Tg) + H(txt_s@C, T + L _ot
(Pezis yezi) + H(Pizes Yize)]l Py, = SoftMax(Z,C/7), Piay, = SoftMax(Z,C/r) b cmtciate stigmnt 1
calculate alignmen OS5Ss
: : L_cr.'c.)ss = E(:i.mg_s@Qb, :E.mg_t@Qt} + H(txt_s@Qv, txt_ tEQwv)
fi=afi+(1—a)fsq =0+ (1 —a)gs P: student predict P HUuns s R CEOR) 5 AR han KRoR)
T: teacher
# enqueue/dequeue
N K update_queue (Qv, img t, Qt, txt_t)
2 E E 3 # pretraining loss
"C'Ot ST min Tﬁ_}' d(zz c_?) min (T'-‘ D) 1 L_pretrain = L_itm + L_mlm
Tell(u, \.-') Tell(u,v)
=1 j=1 loss = L_code + L_align + L _pretrain
loss.backward() # back-propagate
L] TIL TIL 1 # student, teacher updates
jﬂ[]nu] *'f:mlm | Eill[] I Liﬁ.’ii | f'{;ud:: Leote = Lu(Z}',C) + Lu(Z}",C) updutatos, #8) 8 sen

ema (gs, gt, fs, ft) # momemtum update
+ Eth{zr 5 C’- T.{Q,uj T Eilp(zvr C:a Tiﬂp}
def H(s, t):

t = t.detach() # stop gradient

s = softmax(s / tmp, dim=1)

return — (t * log(s)) .sum(dim=1) .mean()




Table 1.

Table 3. Comparison with variety of state-of-the-art methods on
downstream vision-language tasks: VQA, NVLR?, SNLI-VE.

Performance comparison of zero-shot image-text retrieval on MSCOCO and Flickr30K datasets.

MSCOCO (5K) Flickr30K (1K)
Method Text Retrieval Image Retrieval Text Retrieval Image Retrieval VOA NILVR2 SNLI-VE
R@1 R@S R@I0 R@ R@ R@I0 | R@ R@S R@I0 R@ R@s R@I10 Method ool IR il et P e i
ImageBERT [ 0] 44.0 712 80.4 323 59.0 70.2 70.7 90.2 94.0) 54.3 79.6 87.5 - =
Unicodec VL [24] - ) ) : ’ : Eih 2R a4 e ®Es VisualBERT [20] | 7080 7100 6740 67.00 - .
UNITER [#] - - - - - - 80.7  95.7 98.0 66.2 88.4 92.9 LXMERT [13] 72.42 7254 7480 7450 - -
VILT [22] 56.5 82.6 89.6 40.4 70.0 81.1 73.2 93.6 96.5 55.0 2.5 80.8 12-in-1 [32] 73.15 = - 78.87 - 76.95
CLIP[7] 58.4 81.5 88.1 37.8 62.4 722 88.0 98.7 99.4 68.7 90.6 95.2 UNITER [ ] 72.70 77.9] 7718 7785 TRS9  TR.IK
ALIGN [1] 58.6 83.0 89.7 456 69.8 78.6 88.6 98.7 99.7 75.7 93.8 96.8 e : ) _ s ) i
ALBEF 4M [ 9] 68.6 89.5 94.7 50.1 76.4 84.5 90.5 98.8 99.7 76.8 937 96.7 ‘u’lL1: % I_, g fr e
Ours 7.5 9L1 955 539 795 871 | 9L7 993 998 797 948 973 OSCAR [2¥] 73.16 7344 T80T 7836 i =
WVILLA[11] 73.59 73.67 7839 7930 7947 79.03
ALBEF AM [ 25] T4.54 T4.70 80.24 8050 #0114 80,30
Table 2. Performance comparison of fine-tuned image-text retrieval on MSCOCO and Flickr30K datasets. Ours | 74.56 74.97 80.50 8084 8047 85040
MSCOCO (5K) Flickr30K (1K) Table 4. Effciency of our approach under limited pretraining
Method Text Retrieval Image Retrieval Text Retrieval Image Retrieval ['Egi]'l"iﬂ usinge [}I‘I]}f MSCOCO.
R@ R@S R@0 R@ R@S R@I0 | R@& R@ R@I0 R@ R@5 R@I0 o
ImageBERT ['0]  66.4 89.8 94.4 50.5 78.7 87.1 87.0 97.6 99.2 73.1 92.6 96.0 ey e a 5
UNITER [#] 65.7 88.6 93.8 52.9 79.9 88.0 87.3 98.0 99.2 756 94.1 96.8 | Ther K=Y ARelo |l TRy IRE0
VILLA [11] - - - - - - 87.9 97.5 98.8 76.3 94.2 96.8 ALBEF | 5570 8192 88.78 | 41.08 6901 7886
OSCAR [2¢] 70.0 91.1 95.5 54.0 80.8 88.5 = 2 - iy . -~
VILT [22] 61.5 86.3 92.7 42.7 72.9 83.1 83.5 96.7 98.6 64.4 88.7 93.8 0.5x codebook | 58.66 83.9 20.64 | 4374 7210 81.58
UNIMO [ 7] - - - - - - 89.7 98.4 99.1 74.6 93.4 96.0 2.0x codebook | 59.02  84.46 91.06 | 4362 7169  81.12
SOHO [ 0] 66.4 88.2 93.8 50.6 78.0 86.7 86.5 98.1 99.3 725 92.7 96.1 :
AIBRISMIRS] 731 14 9600 568 BIS R0 | 943 54 D3E O BIE M7 984 3K codewords | 3896 8418 9098 | 44.66 7131 168
Ours 75.3 92.6 96.6 58.7 82.8 89.7 95.1 99.4 99.9 83.3 96.1 97.8 500 codewords | 5552 B1.68 89.28 41.53 6875 7843
Ours | 5938 8404 91.20 | 4471 7263  81.69

Table 5. Performance comparison of zero-shot image-text retrieval on Flickr30K and COCO datasets for ablation study.

4000

MSCOCO (5K) Flicke30K (1K)
Ohbjective functions Text Retrieval Image Retrieval Text Retrieval Text Retrieval
Ra@1 R@5 R@ 10 R@1 R@5 R@10 | R@1 R@35 R@10 R@1 R@5 R@10

a: MLM+ITM+ITC (cross align) 68.60 £9.50 04.70 50.10 76.40 54.50 §4.90 9720 99.00 6818 88.58 93.02
b: MLM+HTM+ITC (intra + cross) 69.86 59.48 04.42 s0.52 77.02 85.17 85.80 96.80 98.10 69.70 89.60 93.48

a + codebook (teacher feature) 70.74 89.54 04 .88 51.39 77.86 85.60 86.00 97.00 98.20 T0.18 9066 94.44
b + codebook (student feature) 7112 89.62 04.78 51.40 77.42 85.53 86.30 96.90 98.30 70.34 90.00 93.84
b + codebook (teacher feature) 71.10 9160 95.10 52.10 78.00 85.90 86.70 97.30 98.70 71.40 90.82 94.62 <TCL




An Empirical Study of Training End-to-End Vision-and-Language Transformers

UCLA,Microsoft

e systematically investigate how to design and pre-train transformer-based VL model

e VIT -> vital role than language transformer
e the preformance of VIT on ImageNet classification is not a good indicator on VL
e in multimodal fusion cross attention > self attention

e cncoder-only > encoder-decoder for VQA and zero-shot ITR

CLIP-ViT, Swin, Decoder
» \ (optional)

Vizion Encoder

FPretraining Objec-

fives

Merged Ath?ntion.u" Masked Language Modeling,
Coattention Image-Text Matching,

a man hitting a / Multimodal Fusion

- - BERT, RoBERTa
. .. . . t ball with — s ”
e MIM is not a critical pre-training objective for VLP e
a racquet. e 3
Iext Encoder METER
Model Vision Encoder  Text Encoder Multimodal Fusion  Decoder Pre-training Objectives
VIiLBERT [ 1] ’ ’ ! MLM-+HTM+MIM
LXMERT [47] OD+Xlormer Xformer Co-atin. MLM+ITM+MIM+VQA VQA
ViswalBERT[?%] [~~~ ~~~~ "~~~ """~ """~ TT T 7-° MLM+ITM NLVR
VL-BERT [27] X MLM+MIM taSkS
UNITER [] B o TN MLM-+ITM+MIM+WRA VE
OSCAR [ 1] ; & ' MLM+ITM ITR
vmevpLpgg  ( MLM+ITM
VL-T5 [7] v MLM+ITM+VQA+Grounding+Captioning
PixelBERT [ 1 (] MLM+ITM
SOHO[17] - X MLM+ITM+MIM _ —_ e T
CLIP-ViL [10] CNN Emb. Merged-attn. MLM-+ITM+VOQA Dataset #Im_&gc.ﬁ #CdPtlun.ﬁ
SimVLM [50] T PrefixLM COCO 113K 567K
VILT [ 19] Patch Emb. Emb el MLM+ITM Visual Genome 108K 5.4M
Visual Parsing [52] [~~~ T w oo el il P MLM+ITM+MIM Conceptual Captions 31M 3 1M
ALBEF [22] Xformer s it MLM+TM+ITC SBU Captions 875K 875K
METER (Ours) i MLM+ITM
CLIP [ 4] CNN/Xformer : T. PO o TN SN (IR
ALIGN [ 17] i Xformer None X ITC Table 2. Statistics of the pre-training datasets.

Table 1. Glossary of representative VLLP models. OD: object detection. Xformer: transformer. Emb.: embedding. MLM/MIM: masked

language/image modeling. I'TM: image-text matching. WRA: word-region alginment. I'TC:

image-text contrastive learning.
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e Explorations without VLP

e initialize the bottom layers with specific pre-trained vision and text encoders, and randomly initialize the top layers.

e T: V->CLIP-ViT-224/32

V: T-> RoBERTa

 |VQAv2 VE IR TR | SQuAD MNLI
TextEne. | A Acc. R@I R@l| BM  Acc
BERT 6056 7627 4960 6660 | 763 843
RoBERTa | 60.60 7653 49.86 6890 | 846 876
ELECTRA | 6922 7657 4180 5830 | 868 8838
DeBERT: | 69.40 7674 5150 6770 | 872 888
ALBERT | 69.94 7620 5220 6870 | 864 8§79
Embonly | 6713 7485 4906 6820| - i
CLIP 6031 7537 5496 7380 | - )

Table 3. Comparisons of different text encoders without VLP.
CLIP-ViT-224/32 1s used as the vision encoder. All the text en-
coders are in base model size, except ALBERT, which 1s xlarge.
Emb-only: only using word embeddings as text encoder. IR/TR:
Flickr30k image/text retrieval. EM: exact match. The results of
SQuAD and MNLI are copied from their corresponding papers.
All the results on VL tasks are from their test-dev/val sets.

RoBERTa -> most robust performace

Vision Encoder VIQAv2 VE IR TR ImageNel
ViT B-384/16 69.09 7635 4030 5980 83.97
DeiT B-384/16 6892 7597 3338 5090 829
Dis. DeiT B-384/16 67.84  76.17 3484 5210 85.2
CaiT M-384/32 71.52 7662 3896 6130 86.1
VOLO 4-448/32 7144 7642 4090 6140 86.8
Swin B-384/32 7238 77.65 5230 6950 86.4
CLIP B-224/32 69.690 7653 4986 6890 -
CLIP B-224/16 7175 7754 5764 7690 -
BEIT B-224/16 6845 7528 3224 5980 85.2

Table 4. Comparisons of different vision encoders without
VLP. RoBERTa 1s used as the default text encoder. IR/TR:
Flickr30k image/text retrieval. The results of ImageNet classifi-
cation are copied from their corresponding papers. All the results
on VL tasks are from their test-dev/val sets.

swin without VLP is already comparable to some VLP model in VQA

o . Flickr-ZS

Text Enc. Vision Enc. | VQAv2 IR TR
Embed-only CLIP-32 7399 6032 90.38
CLIP-32 7498  66.08 78.10
BERY CLIP-16 76.70 7452 87.20
CLIP-32 T74.67 6550  76.60
RoBERTa CLIP-16 77.19  76.64 89.60
Swin 7643  T71.68 8530

DEBERTa and BEIT achieve better classification performance but not suitable for VL

the difference between BERT and RoBERTa seems to be diminished

>embed-only

Table 5. Comparisons of different vision and text encoders

with VLP. Results on VQAvV2 are on test-dev set. ZS: zero-shot.



Bottom LR Top LR | VQAy2 12'““‘?1%
Tes Tes 7316 4880 63.70
2e-5 2e-5 7366 5314 67.20
3e-5 3e-5 7377 5648  70.90
5e-5 S5e-5 73.54 5248 65.90
le-5 5e-5 7498 6608 78.10

Table 6. Using different learning rates for the randomly-initialized
and pre-trained parameters is better than using the same learning
rate. Results on VQAv2 are on test-dev set. Z5: zero-shot.

VQAvZ Test-Dev Score

77

76

75

./.

-@- CLIP-VIT-224/32

CLIP-VIT-224/16
&
250 300 350 400 450 500 550
Resolution
. Flickr-ZS
.3 g, 3 7 2
Fusion Decoder | VQAv2 IR TR
Merged attention 7400 5746 7310
P2 T T 7498  66.08 78.10
: T/ | 7473 4896 71.60

use a larger learning rate for the randomly initialized parameters
than parameters initialized with pre-trained models

increasing the image resolution during finetuning can
improve the model performance by a large margin

Mmerged = 12 and Mco =6



; : Flickr-Z8
Model V(A2 IR TR
MLM 74.19 - -
™ 7263 5374 71.00
MLM+ITM 7498 66.08 78.10
MLM+ITM + MIM with in-batch negatives | 74.01 62.12  76.90
MLM+ITM + MIM with discrete code 74.21 59.80  76.30

Table 10. Masked language modeling (MLM) and image-tech-
matching (ITM) can both improve the model performance, but
both of our designed masked 1mage modeling (MIM) objectives
lead to degraded performance on downstream tasks. Results on
VQAv2 are on test-dev set. Z5: zero-shot.

MIM drop
» the conflicts between different objectives.
* image patches can be noisy

ALBEF has specially-designed objectives for retrieval

but it use CLIP_V (300M VLP)->no ITC

Model VQAv2 NLVR2 SNLI-VE Flickr-ZS

test-dev  test-std  dev lest dev test | [R@1 IR@5 IR@10 TR@1 TR@5 TRE&10
Pre-trained with > {OM images
ALBEF (14M) [22] 75.84 16.04 8255 83.14 80.80 20.91 82.8 6.3 O8.1 4.1 99.5 997
SimVLMpasg (1.8B) [50] 17.87 18.14 81.72 B81.77 84.20 84.15 -
SimVLMyuge (1.8B) [50] 80.03 80.34 84.53 85.15 86.21 26.32
Pre-trained with <_{0M images
UNITER | sgeie 1] T3.82 74.02 79.12 7998 7939 7938 | 68.74 R9.20 93.86 83.60 95.70 97.70
VILLA; ppce [111] 74.69 T4.87 79.76 8147 80.18 R0.02 - - - - - -
UNIMOy ajge [21] 75.06 75.27 - - 81.11 80.63 - - - - - -
VinVLj apce [07] 76.52 T76.60 82.67 8398 - - - - - - - -
PixelBERT [ 1] 74.45 T4.55 76.5 T1:2 5 - z 2 = =
CLIP-ViL (ResNet50x4) [10] 76.48 76.70 - - 80.61  BO.20 - - - - - -
ViLT [35] 71.26 - 7570  76.13 - - 55.0 82.5 89.8 T3.2 93.6 96.5
Visual Parsing [ T4.00 74.17 77.61  78.05 - - - - - - - -
ALBEF (4M) [22] T4.54 74.70 80.24 80,50  B0.14  RO.30 76.8 93.7 96.7 90.5 98.8 99.7
METER-Swin 76.43 T76.42 82.23 8247 80.61 8045 | 71.68 91.80 495,30 85.30 97.70 99.20
METER-CLIP-VIT 77.68 77.64 82.33 RB3.05 8086 8119 | 79.60 9496 97.28 90.90 98.30 99.50

Table 8. Comparisons with previous models on visual question answering, visual reasoning, visual entailment, and Flickr30k zero-shot

retrieval tasks. The best scores are in bold, and the second best scores are underlined.

Modal ) Flickr coOCco

IR@1 IR@5 IR@10 TR@1 TR@5 TR&@I10 | IR@1 IR@5 IR@10 TR@1 TR@5 TR@I10
Pre-trained with > 10M images
ALBEF (14M) [22] [ 85.6 Q7.5 98.9 95.9 908 100.0 | 60.7 84. 90.5 77.6 94 97.2
Pre-trained with < [OM images
UNITER; ppe [1] | 7556 94.08 96.76 87.30  98.00 99.20 5293 7993 87.95 65.68 88.56 93.76
VILLApArGE [11] 7626  94.24 06.84 8790 9750 08.80 - - - - - -
UNIMOpagce [21] | 78.04  94.24 07.12 89.40  98.90 99.80 - - - - - -
VinVLparGE [25] - - - - - - 58.8 83.5 90.3 75.4 92.9 96.2
PixelBERT [ 11] 71.5 92.1 95.8 87.0 98.9 99.5 50.1 77.6 86.2 63.6 875 93.6
VILT [55] 64.4 88.7 93.8 83.5 96.7 98.0 427 72.9 83.1 61.5 86.3 02.7
Visual Parsing [5] 73.5 93.1 96.4 87.0 08.4 99.5 - - - - - -
ALBEF (4M) 2] 82.8 96.7 98.4 94.3 994 99.8 56.8 81.5 89.2 73.1 91.4 96.0
METER-Swin 79.02 9558 08.04 9240  99.00 99.50 5485 8141 89.31 72.96 092.02 96.26
METER-CLIP-VIT | 82.22 9634  98.36 94.30  99.60 99.90 57.08  82.66  90.07 76.16 93.16 96.82

Table 9. Comparisons with previous models on Flickr30k and COCO retrieval tasks
scores are underlined.

. The best scores are in bold, and the second best
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Flamingo (2022.4) : Analogical learning

Multimodal generative modehng
e Unifying strong single-modal models

e Interleave CA and SA (frozen) -> initialization->specific gating (stability/performance)

e Supporting both images and videos

e Native addition visual token sequence - > memory limitation.
e Local 2D priors (inductive bias) - >improve efficiency but not suitable for text.
e > Perceiver-based architecture (fixed number : a hundred tokens)

=) output: text

a very serious cat.

e Mixture of dataset: M3W + ALIGN + ...=3B . e i B
e Frozen encoder . V: CLIP, T: BERT decoder Trained from scratch
during Flamingo training
Perceiver Resampler | I [ I
XK num layers L L] L.l ____, | I

i -
FFW i Perceiver Perceiver
Resampler Resampler

11 uﬂ:,xf‘zltentTi{,n !ful
i T TR

Visual data

S

| E——

n-th GATED XATTN-DENSE

;

1st GATED XATTN-DENSE

Processed text

<image> This is a very cute dog.

<image> This is

Input: text and wvisual
data interleaved

ETI\:‘LS is a very cute dog.

;

mThis is

processing




i def gated xattn_densef
: ¥. @ input Language features
; %, & input wizual Festures
v
Ir alpha_xatkn, & xatin pating parameter init =t 8
: alpha_densze, & fiw gating parzmeter init-at @
i i :r' ¥
[l 1
: : : Applies & GATED XATTH-DEMSE layer.
i | '
i i v "
: : : # 1, Gated Cross Attention
: J' ranh gating :_ y = § + tanh[alpha_xattn} * attention[g=y. Kv=x)
i i = . . :
e —— GATED XATTHN-DENSE E : FFH : # 2. Gated Feed Forward (dense)] Laywer
1
} : : % 3 y = y + tanh(alpha_dense) * fFu(y)
____________________ i i T
: TE—
- J: TeEE ' Regular self-attention + FFE on languag
3 1| 5 . :‘ y = §¥ + frozen_attention{yg=y, kv=y)
i cross attention i = ik Ry
1 = 1 - Thwl
i I
! ! return ¥ output visually informed language features
¥ TSl BRI SRCEE bk
Vision Language
input input

Interleaved prompt

Vision to Text tasks (input=vision, output=text)

Support examples Query
Elephants
A cat wearing walking in
sunglasses. the savanna.

L

<B0S><image>0utput: A cat wearing sunglasses.<E0C>=image>0utput: Elephants walking in the savanna.<EQC>=image=0utput:

Processed prompt

Visual Question Answering Task (input=vision+text, output=tlexl)

Support examples Query

What ‘s
the cat sunglasses
wearing?

How many 3 What is on
animals? the water?

1 1

<B0OS><image=Question:

What's the cat wearing? Answer . sunglasses<EQC=<image=(uestion: How many animals? Answer. 3<image>
Question. What is on the water? Answer:

Processed prompt




[ 7 Completion J

This is a chinchilla.

This is a shiba. They

it ™

a flamingo. They are

; p i found in the
They are mainly found arc very popular in This is !
in Chile. Japan. Caribbean an.tl South
America.
WI:IﬂT.iS '_Jl"i;:ﬂ“ u.f_t[l;‘is Where is this painting What is the name of
p“'"::ﬁ:m W\:‘: = displayed? Answer: the city where this was Arles.
noge 2 P 5
T o Louvres Muscum, Paris. painted? Answer:
Output: "Underground” ESS '“‘I‘ Output: "Congress” Output: *S gulomes”
2+1=3 5+6=11 Ixb=18
Output: A propaganda
vt corii Dot gtk o i ot
with a flamingo peol Outpate: Dali with a robot
cmperor Napoleon
" : float. head.
holding a piece of
choesc.
A
) - £t

Les sanglots longs des
violons de I'automne
blessent mon cocur

Pour gui sont ces
serpents qui sifflent sur

Je suis un coeur qui
bat pour vous.

d'une langueur vors topes?
monotone,
-y L oy
pandas: 3 dogs: 2 giraffes: 4
" . . my favourite play is " v Dreams from my
1 like reading el , my favorite book is "
What happens to the
man after hitting the he falls down

ball? Answer:

interleaved visual and textual data

This is a picture of two teddy
@ bears on the moon.

What are they doing?
@ They are having a conversation.
What objecr are they using? 6
@ It looks like a computer.
Is this surprising? @
= Yes, i 1s surpnsing.

Why is this picture surprising
1o you? o
I think i is surprising because

teddy bears are not usually
™ found on the moon.




MokE (2022.6): multi-task Generalist Models -> Multi-architecture (task-interference)

(oo )

Zt — | | — /E‘:tandard Encoder Block ™\ (Encoder Block with task- "\ (Encoder Block with Mixture-of-Experts R
Zi H \f X X dependent parametrization
2L - e =, sl k - i - ==
Pl e o % ; OOOC JOIC OO0 | ) OO0 OO
D : D g task1 tokens | task2 tokens task1 tokens _ task2 tokens taski tokens _ fask2tokens . __________
' .4 replace linear with MoE Linear™
: U X X o : () weighted sum |
: -1 ]
. Contrastive Task1 Taski :
. : Loss FEN FEN FEN :
by o i I : — — , F '
= = — N
Craervom ) | | (oo AEREE
o (|g ™8 ||
N (o] m| !
(D P ;
I
. Task1 Task2 J !
fioaton [ Attention ] [ Attention :
ry f I
)
I
|
I
]

(Ciaernam )

: 1 4 L3 % b

: r A | ! MoE |

; “ﬂ ﬂ | . ﬂ - Encoder O
i — ity OO0 OO0 | 0ooO | 0 0 B

OO OO
[ SelfAttn ] E \_ task1 tokens task2 tokens J\_ task1 tokens taské tok-e_n_s‘l. J\_task1 tokens  task2 tokens 7
[ Dense Encoder Layer ] Figure 1: Comparisons of fully-shared standard encoder block, task-specific encoder block with

Dﬂﬂj . task-dedicated parameters, and encoder block with efficient MoE parameterization.
L

[Lao!-(up embed] [ Patch embed ]
Text Images

expert jdx:

Sensetime:Uni-Perceiver-MoE

s|0 abeuw|

auleusse

Figure 1: LIMoE, a sparsely activated

multimodal model, processes both im- \ Index | Descriptions | Yes|No
ages and texts. Uti]ih‘-ing conditional - ] Wisual modality exists in the inputs of the current task. | 1 | O
C(}mputﬂtl{]n to a]l{)cate t(‘)kens in a z |z \\ I TIJ.‘EI F'I“'HJII“T.}' L‘.‘ii?l'& I]'I the inputs of l:l'll.' current task. I 0
modality-agnostic fashion = I 2| Visual modality exists in the targets of the current task, | 1 | 0
Y-agnor ) : 5 1) / ¥ Text modulity exists in the targets of the current task. 1 [ O
o & E (i 4 The modality of current token is visual. 1|0

le: LiIMoE 3 B\ _ :
Goog e O gE = 3 The muodality of current token is text, I |0
Only contrastive pretraln R A i The attention mask of the current token is causal. 1|0
T | The current token comes from the inputs, not the targets. | 1 | O

S e | e Cte d (5 ) an d tota | (64 ) ex pe rts (1) Gating decisions of the self-attention layers for Uni-Perceiver-MoE-Ti.



UNIFIED-IO:A Unified Model For Vision, Language, And Multi-model Tasks

Binary Maszk Sagmentation Languags Image Tasks
m . ,.:'_:"::H__Hf - Image Classification
r 1 r v 1 Object Detection
EEEENR EEEERETENEENN Semantic Segmentation
4——— input segUance of discrate wolans De Dtl"l Eztimation

iy ; Surface Mormal Estimation
oungin axes anguage .
J S Segment-bazed Image Generation

= s

. Pose Estimation
@ UnlﬁEd-lo ERERN Relationship Detection
Image Captioning
Segmentation Diepth Mask Binary Mazk Image Visual QA

a Referring Exprassions
| ‘! Situation Recognition
I 1 I 1 I 1 T = 1

Text-based Image Generation

ENEEE EEEEE SEEww Vizual Commensense
Classification in context

Region Captioning

Kay Points Surface Mormals Bounding Boxes

o GLUE Benchmark tasks
& | 'a JTPER. - Y
. 1 I 1 :

r I |
SEEEN EEEEE

oltput segance of dizcrets tokerns —

Figure 1: UNIFIED-10 is a sequence-to-sequence model that performs a variety of tasks in computer
vision and NLP using a unified architecture without a need for either task or modality specific
branches. This broad unification is achieved by homogenizing every task’s input and output into
a sequence of discrete vocabulary tokens. UNIFIED-10 supports modalities as diverse as images,
masks, keypoints, boxes, and text, and tasks as varied as depth estimation, inpainting, semantic
segmentation, captioning, and reading comprehension.

https://unified-io.allenai.org/
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Image senalization using a VO-VAE
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Figure 2: Unified-10. A schematic of the model with four demonstrative tasks: object segmentation,
. depth estimation and object localization.

visual question answering

quantization T
32 1115] 3

L
§

Transformer
Decoder

Transformer
Encoder

-'JI-: crete outout

segquance —l | |
r L .-'._ |

o

over 80 diverse datasets

+pixel (refer expression)
inpaint/synthesis
+Depth estimation
+NLP tasks



=

=
&
8

= T by -
D iy v o o
o) - WOl ry = a E’ — E o i
=3 y ol i ] ]
& 8§ §F 35 £ & 2 F s5 ¢ F 8 & & g &
=) sy [ I L’ = :-:: =
= F & = § < & s wa & &£ £ ¢ © = &5 =
Split val val  wval test-dey Lesl lest  lest-dev Lest-std lest wal owal vl val Lest val val Lest
Metrie RMSE Acc. Ace. Acc Ace. Acc. Ace. 10U Acc. Acc. CIDEr CIDEr CIDEr CIDEr Fl Acc Acc
Unilied SOTA UWiM Flamingg Flamingo - - - - - - TS Pal.M
(467 5T7.8 4495 - - - - - - 92.20) 92.2
UsNIFED-1 5011, (649 428 382 517 31.0 24.3 42.4 35.5 17.3 76.5 - 45.1 B0 - 3.9 65.9 87.4
UNIMED-10gp5e 469 633 432 613 37.8 28.5 458 500 29.7 H5.6 - 669 1040 - 379 T8 0.8
UNIMED-1O apee (402 1.8 505 678 427 334 477 54.7 4.4 #6.1 - 872 1175 - 37.5 3.1 93.1
UNIFMED-1Oy;, (1.385 790 532 TI9 54.0 45.2 574 65.0 498 91.1 21.2 1000 1268 1223 39.2 T9.7 05.7
sSingle or line- BinsFormer CoCa MAE  Colla KAT GPV2 Flamingo MAC-Caps JSL OFA SVT CoCa - OFA  Turnng NLE ST-MOE DeBERTa
tuned S0TA (.330 91 603 323 344 34.1 65.7 25 396 910 133 1224 - 1453 938 2.4 7.7

Table 3: Comparing the jointly trained UNIFIED-1O to specialized and benchmark fine-tuned state of the art
models across Vision, V&L and Language tasks. Benchmarks used for evaluation are: NYUv2 (Nathan Silber-
man & Fergus, 2012), ImageNet (Deng et al., 2009), Places365 (Zhou et al_, 2017), VQA 2.0 (Goyal et al.),
A-OKVQA (Schwenk et al., 2022), VizW1zVQA (Gurari et al., 2018), VizWizGround (Chen et al., 2022a),
Swig (Pratt et al., 2020), SNLI-VE (Xie et al., 2019), VisComet (Park et al., 2020), Nocaps (Agrawal et al.,
2019), COCO Captions (Chen et al., 2015), MRPC (Dolan & Brockett, 2005), BoolQ (Clark et al., 2019), and
SciTail (Khot et al., 2018).



embedding align cross attention Transformer + Pretrain
2017 and before 2018:SCAN 2019.9 VIIBERT, UNITER 2020.12 OSCAR,VinVL
stronger region feature

VQA IT retriveal/IT matching
fusion task->more dataset rely modal encoder

2021.2 CLIP

_ 2021.2 ViLT (ICML)
2022: AGI? 2021.7 ALBEF Grid/Patch feature More data 400M

Foundation model encoder-decoder

multi-task --> Generalist Models

SEiFEEhPiE ARREIITHE

oy / et saleforce, facebook -> encoder-decoder
s ~ g Ll BT OpenAl -> analogical learning
o Google (pathways)

iiiA — Alibaba (OFA) -> MoE
Sensetime
allenai -> multi data encoder - transformer - multi data decoder

iy Elijon: ez B T

AEE Zmt A xEH

https.//github.com/phellonchen/awesome-Vision-and-Language-Pre-training



