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Evolution of Computer Vision Models
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Foundation Models

Source: Nvidia Blog
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Foundation Models

* They are trained on massive amount of data

* They can be adapted to different downstream tasks
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Foundational Models in Computer Vision
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Different Architecture Styles
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Abstract

Exploring large-scale pretrained foundation models is of significant interest in computer vision
because these models can be quickly transferred to many downstream tasks. This paper
presents Contrastive Captioner (CoCa), a minimalist design to pretrain an image-text
encoder-decoder foundation model jolntly with contrastive loss and eaptioning loss, thereby
subsuming model capabilities from contrastive approaches like CLIP and generative methods
like SimVLM. In contrast to standard encoder-decoder transformers where all decoder layers
attend to encoder ontputs, CoCa omits cross-attention in the first half of decoder layers
to encode unimodal text representations, and cascades the remaining decoder layers h
cross-attend to the image encoder for Itimodal image-t i ply a
contrastive loss between unimodal image and text embedd in addition to a captioning
loss on the multimedal decoder outputs which prediets text tokens autoregressively. By
sharing the same computational graph, the two training objectives are computed efficiently
with minimal overhead. CoCa is pretrained end-to-end and from seratch on both web-
scale alt-text data and ann od images by treating all labels simply as text, seamlessly
unifying natural language supervision for representation learning. Empirically, CoCa achieves
state-of-the-art performance with zero-shot transfer or minimal m-k specific adaptation
on a broad range of do ream tasks, ing visual . Kinetics-
400/600/700, Moments-in-Time), cm«mur!nl retrieval (MSCOCO, l-lwlri'ﬂl\ MSR-VTT),
multimodal understanding (VQA, SNLI-VE, NLVR2), and image captioning (MSCOCO,
NoCaps). Notably on ImageNet classifieation, CoCa obtains 86.3% zero-shot top-1 accuracy,
90.6% with a frozen enceder and learned elassification head, and 91.0% with a finetuned
encoder.

1 Introduction

Deep lears has recently witnessed the risc of foundation language models (Bommasani et al., 2021) such as
BERT (Devlin et al., 2018), T5 (Raffel et al., 2019), GPT-3 (Brown et al., 2020), where models are pretrained
on web-scale data and demonstrate ;,mmc multi-tasking capabilities through zero-shot, few-shot or transfer
learning. Compared with 1 individual models, found: models for massive d

https://openreview.net/pdf?id=Ee277P3AYC
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CO—CA: Contrastive Captioners are Image-Text Foundation Models

xion Multimodal
%‘ Text Decoder
7 T
Image Unimodal
Encoder Text Decoder
image text
Pretraining

1/31/2024

two dogsrunning in a field [/s]

_ Multimodal
s—.l\“e“uon
M Text Decoder
e e -
attentional pooling cls-token
Image Unimodal
Encoder Text Decoder
000000000000 [s] two dogs runningin a field [CLS]

“two dogs running in a field” } pairs

text

CAP6412 - Lecture 1 Introduction 11



UC S\IECN (ﬂgir; ESSRR\?;?S SCH
Co-CA Losses

Dual-Encoder Contrastive Learning
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CO—CA: Contrastive Captioners are Image-Text Foundation Models
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Dataset

* JFT-3 Billions
 Larger than JFT-300 Million dataset used in VIT

e 30K Labels and web-scale alt-text data
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Figure 3: CoCa for video recognition.
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SNLI-VE: Visual Entailment Dataset

e Two woman are holding
packages.

e The sisters are hugging
goodbye while holding to
go packages after just
eating lunch.

e The men are fighting
outside a deli.

Premise Hypothesis
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NLVR2

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

« Each caption is paired with two images.

* The task is to predict if the caption is True or False

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

Effective scaling and a flexible task interface enable large language models to excel
at many tasks. We present PaLl (Pathways Language and Image model). a model
that extends this approach to the joint modeling of language and vision. Pal.l
generates text based on visual and textual inputs, and with this interface performs
many vision, language, and multimodal tasks, in many languages. To train PaLIL
we make use of large pre-trained encoder-decoder language models and Vision
Transformers (ViTs). This allows us to capitalize on their existing capabilities
and leverage the substantial cost of training them. We find that joint scaling of
the vision and language components is important. Since existing Transformers for
language are much larger than their n counterparts, we train a large, 4-billion
parameter ViT (ViT-e) to quantify the benefits from even larger-capacity vision
models. To train Pall, we create a large multilingual mix of pre-lminiug tasks,
based on a new image-lext training set containing 10B i images and tex1s in over
100 languages. PaLl achieves state-of-the-art in multiple vision and language tasks
(such as ioning, visual question ing. scene-text und ding), while
retaining a simple, modular, and scalable deslgn.

1 INTRODUCTION

Increasing neural network capacity has been a successful trend in the modcimg of language and
vision tasks. On the language side, models such as T5 (Raffel ef al ). GPT-3 (Brown et al.}
2020; Megatron-Turing (Shoeybi et al}, 2019), GLaM (Du et al| 2033), Chmchl]la {Homann et al
havc shown “gn“g:ﬁl;ql ag;‘aal;:ﬂge‘ fmli"‘ ‘I']lmlné?%l large
ata. in the vision side. s ajan et al : Huang
5 S Kiy et al} | 7aud7uif|egr
uelme et al., 2021) have seen similar benefits from scale (Zhai|
rexlenl than in Iung Language-and-vision modeling has followed
ng orence (Yuan et al.}[2021), CoCa (Yu et al.}
2022¢), and Flamingo 0.

We introduce PaL, a model that p.rform image- bnly. language-only, and image+language tasks
across many using a single “image-and-text to text” interface. A key characteristic of
PaLlis a more balanced parameter share between the language and vision components, with more
capa::lly to the vision backbone yielding large gains in per Another key 1o PaLl
is the reuse of large unimodal backbones for language and vision modeling, in order to transfer
existing capabilities and reduce mmmg cost. On the language side, we reuse the 13B-parameter
model mT5-XXL (Xue el . which already packages language understanding and generation
capahnlmec We xhaw ﬂ‘ml these capablhub: are maintained .md extended into a multimodal «aelimg

*Cor d
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PALI (Pathways Language and Image model)

* A model that performs
* image-only,
* [anguage-only, and
* image+language tasks

* Across many languages, using a single “image-and-text to
text” interface.
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PALI (Pathways Language and Image model)

“Answer in EN:

What type of
flowers are in PalLl

the buckets?” _L_

Transformer Transformer

ViT Encoder Decoder
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— “Sunflowers”
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PALI

* 4-billion parameter ViT (ViT-e)
* 13B-parameter text model mT5-XXL

* WebLI10B Dataset
-« images and texts in over 100 languages
* 10 billion images and tens of billions of image-text pairs.
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Training Mixture

» Span corruption on text-only data

Split-captioning on WeblLlI alt-text data

Captioning on CC3M-35L

OCR on WebLI OCR-text data

English and Cross-Lingual VQA

English and Cross-Lingual visual question generation (VQG)
English-only Object-Aware (OA) VQA

Object detection
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Results

* Image Captioning

Multilingual captioning

VISUAL QUESTION ANSWERING
Cross-lingual and Multilingual VQA
ZERO-SHOT IMAGE CLASSIFICATION
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Input: Generate the alt_text in EN Input: Generate the alt_text in EN Input: Generate the alt_text in EN

Output: A cellar filled with barrels of wine Output: a clock on a building that says Output: Two helicopters are flying in the
lyvania’ on it sky and one has a yellow stripe on the tail
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Input: Generate the alt_text in EN Input: Generate the alt_text in EN Input: Generate the alt_text in EN
Output: A cellar filled with barrels of wine Output: a clock on a building that says Output: Two helicopters are flying in the
lyvania’ on it sky and one has a yellow stripe on the tail

Input: Generate the alt_text in FR Input: Generate the alt_textin TH Input: Generate the alt_textin ZH

Output: Un arbre debout dans un champ Output: a1 & 1 16 1 au aun Output: —4f Bz KE S FH # £
avec un ciel violet

(A tree standing in a field with a purple sky) (A gray donkey walks down the street) (An electric car parking on a charging station)

ARSEHALUIRECT O

.‘-"J«
Input: Answer in EN: what time is Input: Answer in EN: what website is on Input: Answer in EN: what is the brand of this
it according to this radio the wall in back watch
Output: 1254 Output: arsenaldirect.com Output: seiko
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