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Vision-and-Language Tasks

Why is [ persondffl] pointing at = Rationale: a) is correct because...
[person1§]? N

a) He 5 telling [SEFSSRIRRY that [personti]] cedered
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o) [person ] has the pancakes in front of him

) {p.nml.] i taking pveryons's order and seked far
| clarification,

| ) He just 1old a joke,
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Is there something to cut the vegetables with?
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| might not knaw whose order is whose.
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Vision Transformers

Vision Transformer (ViT)

-dddadddang

Patch + Position
Embedding
* Extra learnable
[class] embedding

Lmear PI'OJCCtIOn of Flattened Patches

Transformer Encoder
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W % it I . . % ﬁ i E W E

e
Model Layers Hiddensize D MLPsize Heads Params
ViT-Base 12 768 3072 12 86M
ViT-Large 24 1024 4096 16 307M
ViT-Huge 32 1280 5120 16 632M

Split an image into fixed-size patches
Linearly embed each of them
Add 1D position embeddings

Feed the resulting sequence of vectors
(prepcelznded by [CLS]) to a standard Transformer
encoder.

Classification MLP head with 1 hidden layer at
pre-training and just a single linear layer at fine-
tune time.

ﬁ:r$tra|n datasets: ImageNet-1K, ImageNet-21k,

ViT-L/16 means the “Large” variant with 16x16
{nputhpatch size. Smaller path size =» larger seq
engt

Match or exceed accuracy of ResNets on many
image classification datasets

Dosovitskiy, Alexey, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai, Thomas Unterthiner, Mostafa Dehghani et al. "An image is worth 16x16 words: Transformers for image recognition at scale." arXiv:2010.11929 (2020).
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Joint representation model for vision and language
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A person hits a ball with a tennis racket [CLS] a [MASK] [SEP] D

 MLM (Objective 1), and sentence-image prediction task (Objective 2)
* VisualBERT integrates BERT for NLP, and pretrained object proposals systems such as Faster-RCNN.

Li, Liunian Harold, Mark Yatskar, Da Yin, Cho-Jui Hsieh, and Kai-Wei Chang. "Visualbert: A simple and performant baseline for vision and language." arXiv:1908.03557 (2019).
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VisualBERT
== .
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B Man B shirt Sidewalk Pedestrians B sidewalk

e Attention weights of some selected heads in VisualBERT.

* In high layers (e.g., the 10-th and 11-th layer), VisualBERT is capable of implicitly
grounding visual concepts (e.g., “other pedestrians” and “man wearing white shirt”).
 The model also refines its understanding over the layers, incorrectly aligning “man” and

“shirt” in the 3-rd layer but correcting them in higher layers.

Li, Liunian Harold, Mark Yatskar, Da Yin, Cho-Jui Hsieh, and Kai-Wei Chang. "Visualbert: A simple and performant baseline for vision and language." arXiv:1908.03557 (2019).
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VILBERT Architecture

* The text stream has significantly more
processing before interacting with visual
features.

* |nitialize the linguistic stream of VILBERT
with BERT BASE. Use Faster R-CNN
pretrained on the Visual Genome dataset.

-
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Wi J—-{ Embed I—IL:

<CLS> Man shopping for fruit
Wo Wp W3 Wiz Wy
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VILBERT Training Tasks and Objectives

‘¢|.|;.:_h !fillf}'\” M;n shopiing ><?—>|:|—>Allgnedl Not Aligned
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Isi & Language BERT V|S|on & Language BERT

ees | <MASK> | |<CLS> L(MASK) <MASK> | for | =+ |<SEP> el Man ||shopping|| for | ***|<SEP>

(a) Masked multi-modal learning (b) Multi-modal alignment prediction

Train VILBERT on Conceptual Captions (~3.3M images) to learn visual grounding.

Masked multi-modal learning: reconstruct image region categories or words for masked inputs given the
observed inputs.

Multi-modal alignment prediction: predict whether or not the caption describes the image content.

Lu, Jiasen, Dhruv Batra, Devi Parikh, and Stefan Lee. "Vilbert: Pretraining task-agnostic visiolinguistic representations for vision-and-language tasks." arXiv:1908.02265 (2019)
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CLIP (Contrastive Language-Image Pre-training)

* Pre-trained using WeblmageText (WIT) 400M (image,

text) pairs.
* Textencoderis a 12L Transformer. e
 5ResNets T e

e ResNet-50, a ResNet-101
e RN50x4, RN50x16, and RN50x64: use ~4x, 16x, and 64x

aussie pup H—) EHCOderJ

the compute of a ResNet-50. | P T, | & | 75 | .. | Ty
=
e 3Vision Transformers (ViT) |
* VIiT-B/32, a ViT-B/16, and a ViT-L/14 » 1 Ty | LT | I0T3 | L [ 1Ty
» b LT | Ty | BT | .. |ITN
* Maximize cos-sim of the image and text embeddings _ ‘ |
of N real pairs in the batch Ehcodor > L | |BT | BT BT . [Ty
* Minimize cos-sim of the embeddings of the N x N— N
incorrect pairings.
> Iy INT; | InTy | INT3 | . |EnTn

e Tested on 30+ CV tasks like OCR, action recognition in
videos, geo-localization,...

* 0-shot CLIP is often = fully supervised baseline

LLMs: Introduction and Recent Advances \ ‘ Manish Gupta
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CLIP (Contrastive Language-Image Pre-training)
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(8) Use for zero-shot prediction

T T, T, T; Tn
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I Ty | 11> | I T I,'T
Encoder 1 141 112 IR I *N

A zero-shot CLIP classifier outperforms a fully supervised linear classifier
fitted on ResNet-50 features on 16 datasets, including ImageNet.
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Classification using CLIP

FOOD101

guacamole (90.1%) Ranked 1out of 101 labels

+ aphoto of guacamole, a type of food.

w @ photo of ceviche, a type of food

% a photo of edamame, a type of food.

x aphoto of tuna tartare, a type of fc

w @ photo of hummus, a type of food

YOUTUBE-BB

airplane, person (89.0%) Ranked 1outof 23

L]
+ aphoto of a airplane.

w a photo of a bear.

w a photo of a giraffe.

» aphotoofacar
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SUN397

television studio (90.2%) Ranked 1out of 397

. _________________________________________________________________________|
v aphoto of a television studio.

w a photo of a podium indoor
% & photo of a conference room
w aphoto of a lecture room

w a photo of a control room.

EUROSAT

annual crop land (12.9%) Ranked 4 out of 10

% acentered satellite photo of permanent crop land

x acentered satellite photo of pasture land

photo of highway or road

——
v acentered satellite photo of annual crop land.

& i

w acentered satellite photo of brushland or shrubland
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Visually-rich Document Understanding

First page:
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Xu, Yang, Yiheng Xu, Tengchao Lv, Lei Cui, Furu Wei, Guoxin Wang, Yijuan Lu et al. "LayoutLMv2: Multi-modal Pre-training for Visually-rich Document Understanding." ACL, pp. 2579-2591. 2021.
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Visually-rich Document Understanding

+ Xu, Yang, Yiheng Xu, Tengchao Ly, Lei Cui, Furu Wei, Guoxin Wang, Y[ jrm = [ S
"LayoutlL Mv2: Multi-modal Pre-training for Visually-rich Document |- -« --
pp. 2579-2591. 2021.

1
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“row_id": 1631316,

"text": "BLACK"

Yo
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. 4 Text-Image Matching @
LayoutLMv2 Architecture .. 20 T = =

Objecti

'#]Mkd\a al-Language Modeling | T2 | | T4 |

e Text: Initialized using UniLMv2 Vil e

skl I || V2 || V3 || V4 ||CLS]|| TI ”[MASK]” T |I[MASK]|| s || 16 || 17 || see |

* ResNeXt-FPN architecture with MaskRCNN Transf. L
backbone of the visual encoder. [ A St s SoIfAtfom Mo 1
with Spatial-Aware Self-Attention Mechanism

* Use output feature map (W=H=7). e o e e e J 2 A I la [~ 1A~ [~ [~ 1[~]
e Embed spatial layout of token bounding boxes from . — 4+ + +, + + + + + + + + *

0 2 3 0 1 2 3 4 5 6 7 8
the OCR results Embedin |+||+||+||+||+||+||+||+||+||+||+||+|I+|
i Concat(POSEmszX xml Wldth IEDhP‘ddI | Boxy, || Boxy, | | Boxy; | | Boxy, | |BoxP,\D| | Boxy, l | Boxy, I | Boxy | | Boxq, || Boxs | l Boxpg | | Boxr; ||BOXPAD|
PosEmb2DyY(Ymin, Ymax ,Ihelmhﬁ + + + + + + + + + + + + +

waitexttoken | yy || ova |{ va || va | [resi|| 11 | [vask) [ 13 | [ovaskl| | 15 || 16 || 17 ][ isem |

e LayoutLMv2
e Base: 12 layers (200M)
° Large: 24 l-ayers (426M) éLincz(nolcovcmd): [MASK] T5 Té T?E

e 3tasks: MVLM, TIA, TIM i“..,______________["_“_“_‘{'f“_“_’{‘[ifs_ _______________ overme ocR tnes ]

e Dataset: 11M scanned docs. Text OCR: Microsoft
Read API

! Line | (covered): TI [MASK] T3

OCR/PDF Parser

Visual Encoder

V3 V4
Document Page with Covered OCR Lines Document Page

Xu, Yang, Yiheng Xu, Tengchao Lv, Lei Cui, Furu Wei, Guoxin Wang, Yijuan Lu et al. "LayoutlLMv2: Multi-modal Pre-training for Visually-rich Document Understanding." ACL, pp. 2579-2591. 2021.
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Video tasks

e Text>Video Retrieval
* Given text and a collection of videos, find relevant ones.
e Multiple-choice VideoQA.
e Given video, a question and multiple candidate answers, choose the best one.

e Action Segmentation/Action Step Localization

* Assign each token (or frame) of a video with one of the pre-defined labels (or steps) to separate
meaningful segments of videos.

e Similar to sequence labeling (e.g. NER) in NLP.

Xu, Hu, Gargi Ghosh, Po-Yao Huang, Dmytro Okhonko, Armen Aghajanyan, Florian Metze, Luke Zettlemoyer, and Christoph Feichtenhofer.

"VideoCLIP: Contrastive Pre-training for Zero-shot Video-Text Understanding." In EMNLP, pp. 6787-6800. 2021.
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What is the VideoCLIP architecture? How it is pretrained?

¢ ContraStlve approaCh tO pre_traln a unlfled o Overlapping video-text clips e Retrieve harder videos
model for zeroshot video and text e
1 etrieva eo
understanding. | - Video 1 Retrieval ~
* Loosely temporally overlapping positive video- ‘ /-\ . W
text pairs, instead of enforcing strict start/end -’ l 2 @pﬁ-;) ;
timestamp overlap. video2 :
* Hard negatives using nearest neighbor retrieval _—— _ e
that uses video clusters to form batches with _—— @ oo
mutually ha rder VldeOS. First, you need.. Next, pour sauce.. | .
- Y s paper towe
* BERT-base-uncased for both video (6L) and \/ e
text (12L).
. . . VideoCLIP: Contrastive Iggming with hard-retrieved Inggatives and
° V'deoz frozen pretran"ed CNN, prOJeCted to overlapping positives for video-text pre-training.
video tokens using a MLP layer.
. ﬁ:— I)NCE vy &t —|—])NCE ty 2
* Average pooling over the sequence of tokens (.,,%H (108 NCE(z0, ) +1og NCE:1, )
for video and text. N
T . NCE(2y, 21) = exp (2, - 27 /7)
* Pretraining data: HowTo100M Py 2t > eetet oD (0 - 2/7)

Xu, guéC;zé;réq(i)(ghggg.1 Po-Yao Huang, Dmytro Okhonko, Armen Aghajanyan, Florian Metze, Luke Zettlemoyer, and Christoph Feichtenhofer. "VideoCLIP: Contrastive Pre-training for Zero-shot Video-Text Understanding." In EMNLP,
pp.6787- . .
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What is ImageBind?

* Animage of a beach can remind us of the sound of waves, the
texture of the sand, a breeze, or even inspire a poem.

» Aligns six modalities’embedding into a common space: images,
text, audio, depth, thermal, and Inertial Measurement Unit (IMU).

Image-paired data is sufficient to bind the modalities together.

e
1) Cross-Modal Retrieval

Audio Images & Videos Depth
D) 7 ‘
Crackle of a Fire

<)

Baby Cooing
L

Text

A fire crackles while a pan of food 1s frying on
the fire.”

“Fire 1s erackling then wind s lntall owing.”

“Firewood crackles then music..

“A baby is crying while a toddler is laughing.”
“A baby is laughing wi hile an IL|H|[1 laughing.”

A baby l'\ughs and something...

3) Audio to Image Generation

LLMs: Introduction and Recent Advances

."In CVPR, pp. 15180-15190. 2023.
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How is the ImageBind model trained?

_ exp(q; ki/7)
_ Lz pm = —log T T
a [ m *,)) Y)) — Naturally Aligned exp(q; ki /7) + Ej#i exp(q; k;/7)
Images Videos Text Audio Depth Thermal IMU g i
Web Image-Text | A n Depth Sensor Data |4 Web Videos |4 ‘1)) Thermal Data  [Qs Egocentric Videos A\ )))
S e | = : Ay ; v 4

e e e

Sty
ST T

.

e
o g
o iy

Sheep basking in the sun

q; = f(I;) and k; = g(M;) where f and g are deep networks.  « Datasets:

* InfoNCE loss. Symmetric loss Ly + Ly,  (video, audio) pairs from Audioset

e ViT-H 630M params; text encoders (302M params) from * (image, depth) pairs from SUN RGB-D
OpenCLIP (frozen)  (image, thermal) pairs from LLVIP

* Same encoder for images+videos. Treat videos as e (video, IMU) pairs from Ego4D
multi-frame images. » (image, text) pairs from large-scale web data.

Girdhar, Rohit, Alaaeldin El-Nouby, Zhuang Liu, Mannat Singh, Kalyan Vasudev Alwala, Armand Joulin, and Ishan Misra. "Imagebind: One embedding space to bind them all." In CVPR, pp. 15180-15190. 2023.
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