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* Schedule out, please sign up if you haven’t done so by Friday!
e Sessions are around “topics” so feel free to suggest additions to paper list for that topic.

 First job is to define main paper (that will be reviewed) and will make up majority of
presentation details

* Other auxiliary/context papers should be covered more concisely (e.g. a few slides)

e Reminder:

15% Class Participation — Attendance and participation in-class/Ed

20% Paper Reviews — Due night before paper presentation
. First one due Monday Aug 2 11:59pm

15% Paper Discussion - Presentation

50% Project
. Pick teams by Sept 11
. Proposal (~5 min presentation) to be presented Sept 18

 All deliverables to be submitted on Canvas, see instructions/rubrics there



Several different flavors of multi-modal models

Training of aligned encoders (CLIP)

Text-conditioned image generation (flow-based,
diffusion, GANs, VAEs)

Image-conditioned text generation (captioning,
vision-guestion answering)

*  Specialied captioning/VQA models (more engineered
encoders, e.g. object detection, etc)

. Full-fledged any-input (text or image) -> language
generation

My hope: Any to any models!
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CLIP: Connecting
text and images

Read paper 2 View code =

Ilustration: Justin Jay Wang

Learning Transferable Visual Models From Natural Language Supervision
Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh,
Sandhini Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack
Clark, Gretchen Krueger, llya Sutskever

https://openai.com/index/clip/


https://arxiv.org/search/cs?searchtype=author&query=Radford,+A
https://arxiv.org/search/cs?searchtype=author&query=Kim,+J+W
https://arxiv.org/search/cs?searchtype=author&query=Hallacy,+C
https://arxiv.org/search/cs?searchtype=author&query=Ramesh,+A
https://arxiv.org/search/cs?searchtype=author&query=Goh,+G
https://arxiv.org/search/cs?searchtype=author&query=Agarwal,+S
https://arxiv.org/search/cs?searchtype=author&query=Agarwal,+S
https://arxiv.org/search/cs?searchtype=author&query=Sastry,+G
https://arxiv.org/search/cs?searchtype=author&query=Askell,+A
https://arxiv.org/search/cs?searchtype=author&query=Mishkin,+P
https://arxiv.org/search/cs?searchtype=author&query=Clark,+J
https://arxiv.org/search/cs?searchtype=author&query=Clark,+J
https://arxiv.org/search/cs?searchtype=author&query=Krueger,+G
https://arxiv.org/search/cs?searchtype=author&query=Sutskever,+I
https://arxiv.org/search/cs?searchtype=author&query=Sutskever,+I

Approach

« What is CLIP? Contrastive Language-Image
Pre-training

« 400M (image, text) pairs collected from
various internet sources

* Image encoder piece: Modified ResNet or
Vision Transformer (ViT)

* Picked based on performance

 Text encoder: Transformer with 63M
parameters

Slides by Gabriela Sanchez and Azeez Ishaqui
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Approach (Data Collection)

« Raw web pairs aren’t going to be perfect
» Plenty of noise and even mismatches, abstract pairs
 Either way - CLIP gets stronger with weird stuff

CLIP filteri » y
. Hnierin
4 _ - ege v N
+ 500,000 unique internet queries to cover all domains - f N
» Pulled in captions, descriptions, comments any kind . o
of data paired with images — N
* 1 query could produce max most relevant 20k image- - - m —
text pairs, ensuring diversity |

» De-duplication oy
» Image text pairs underwent de-duplication which just
ensures overlap is minimal
» Each sample should ideally be unique

» Also lowers overlap with benchmarking datasets, 2

real evaluation and generalization capabilities :
Georgia

Tech.



Approach (Image Encodings)

Convolutional Loyer +
- ResNet encoder ﬁiil’;‘ﬁ,i"“‘“*} )
« CNN architecture, conv layers + (=)
pooling - feature vector ; =
« Linear layer for final embedding, L2 1 ——

normed for ease of similarity

* ViT encoder

« Patches over image, flattened and L |
. ‘ a & 3 onvolutional Process
projected into embedding (like with
teXt) Feed-Forward ‘
S E 7 Patch Embeddings 3
 Positional encodings for those Classification  +—— SECOK ) D G O |
patches, multi-head self attention +
feedforward neural nets are strong Vision Transformer (ViT) | /[ )

« A classification token is added onto Architecture [ TnsomerBiock )
the patch embeddings sequence, then
normalized too

!

N

Classification Process




image_encoder
text_encoder
I[n, h, w, c]
T[n, 1] -

R H R

xtract feature

—

ResNet or Vision Transformer
CBOW or Text Transformer
minibatch of aligned images
minibatch of aligned texts
learned proj of image to embed
learned proj of text to embed
learned temperature parameter

representations of each modality

e
_f = image_encoder(I) #[n, d_i]
_f = text_encoder(T) #[n, d_t]

# joint multimodal embedding [n, d_e]
I_e = 12_normalize(np.dot(I_f, W_i), axis=1)
T_e = 12_normalize(np.dot(T_f, W_t), axis=1)

# scaled pairwise

logits = np.dot(I_

cosine similarities [n, n]
e, T_e.T) * np.exp(t)

# symmetric loss function

labels
loss_1i

loss

np.arange(n)
cross_entropy_loss(logits, labels, axis=0)
loss_t = cross_entropy_loss(logits, labels, axis=1)
(loss_i + loss_t)/2
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Experiments and Results (Linear Probe)

« Linear probe is a simple classifier (log
reg) added to pre-trained features
some labeled data

» Beat logistic regression on ResNet50
features on 16/27 datasets — multimodal
training power

» Significance? ROBUST, no task-specific
data or fine-tuning needed

» Particularly good at general object
recognition Food101, StandfordCars

 Specific context-based understanding like
EuroSAT and Satellite Imagery give CLIP
more trouble

StanfordCars
Country211 +23.2
Foodl1l01 +22.5
Kinetics700
S5T2

SUN397
UCF101 :
HatefulMemes +6.7

ImageNet i§+1.2
OxfordPets Jj+1.1
PascalvOC2007

Birdsnap
MNIST
FGVCAircraft
RESISC45
Flowers102
DTD
CLEVRCounts
GTSRB
PatchCamelyon
KITTI Distance
Eu rnSIAT

—-40 -30 -20 -10 O 10 20 30 40

A Score (%)
Zero-Shot CLIP vs. Linear Probe on ResNet50

Georgia
Tech.



Experiments and Results (Few-Shot)

« Few-shot learning is training on a
couple of examples per class

« Qutperforms 16-shot classifiers using
features from other models
« Embeddings learned by CLIP capture a

plenty of transferable knowledge and can
generalize to out of domain concepts

Average Score (%)
W £ B U U O
‘h ©o u © u o
i I

W
o

4 Zero-Shot
* CLIP |

Linear Probe CLIP

BiT-M (ImageNet-21K)

0 1 2 4 8
# of labeled training examples per class

16

Georgia
Tech.



Experiments and Results (Scaling)

« Scaling:
* ViT's scale well with compute + data
» ResNets... not so much

 Learned representations that are not just
specific to one type of data

* Largest CLIP model (ViT-L/14@336px)
outperforms existing models by a
significant margin

« 2.6% average improvement

« CLIP benefits from larger models but

strong architectures too which better
capture complex relationships

90

851

Average Score (%)

751

=2
=
f

Linear probe average over Kornblith et al.'s 12 datasets

L/14@336px
.k

L/1d, ..
RMN50x64
- .i\:l

" =t

854

Average Score (%)

-
(5]
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10t 10¢
Forward-pass GFLOPs/image
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~5'7~ CLIP-ResNet —+— SimCLRv2
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—&— EfficientNet —=— MoCo

(4]
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Linear probe average over all 27 datasets

Lil4@336px
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Strengths, Weaknesses, Relationships (including limitations)

_ « Cons:
* Pros: . .
: . . » Not SOTA on all tasks Satellite Imaging,
* Pre-trained robust zero-shot learning with (EuroSAT, RESISC45) etc

encoder-backed supervision

* 1000 ec ute to reach SOTA?!
- Adaptable to distribution shifts X moreé computetor

« “Prompt engineering” effects, like adding

* Scales well with compute "child" to categories list reduced
« Many tasks learned and classifying misclassification of young peocple into
classes without explicit supervision incorrect categories from 32.3% to 8.7%

« Societal issues — surveillance/privacy
« Data Overlap (3.2% testing dataset avg)

Gr Georgia
Tech.



Leveraging Large Language Models

e MLLMs: Combining LLMs with other modalities (e.g.,
vision)
— Key capabilities:
— Writing stories from images
— OCR-free math reasoning
— Decision-making
— Embodied/Robotics
— Rapid development since 2022

* Some concepts for today:

— How can we leverage pre-trained MLLMs (early proof of
concepts — Frozen)

— How should modalities interact? (BLIP-2: Q-former,
Flamingo: Perceiver-1/0O and cross-attention)

— Can we support interleaved inputs and hence few-shot
prompting (in-context learning)?

GPT4-V Demo

Yin et al., A Survey on Multimodal Large Language Models



VL-Bert and VilLBert - 2019

» Despite their names, both papers were
developed independently.

« VL-Bert: Bert backbone remains the
same, extracts image ROIs with Faster
RCNN for fine-grained features

« ViLBert: Model consists of two
parallel BERT models (one for images,
one for text) which mix information in

co-attention blocks

« Both models performed well on
multimodal tasks (VQA, captioning)
but were task-specific.

Masked Language Modeling  Masked Rol Classification

with Visual Clues

with Linguistic Clues

[Cat]

t

Visual-Linguistic BERT

]

t 1 t t
EmT;’:dd | |t|_sl || itten | dr+nlc _ frzm | m:s«] | [S,EP] I [|r\:1c5] | ||an1 || [EI:ID] |
visual Feature | .~ Py ~11~ . i i /7_/ 7
E;ne::::ntg .*I- + -} . I-I- + + - = + +/ - I*I'
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+ + + + + + + +
SPESIT.IU!‘I | 1 || 2 || 3 ” 4 | 5 | B | 7 I 7 | 8 |
Embeddin - —
’ Captuon Image Regions

.[ Fully Connected |

Appearance
Feature
Geometry
Embedding

Fast(er) R-CNN

Regions of
Interest

Image

Figure 1: Architecture for pre-training VL-BERT. All the parameters in this architecture including
VL-BERT and Fast R-CNN are jointly trained in both pre-training and fine-tuning phases.
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Lu et al., VILBERT: Pretraining Task-Agnostic Visiolinguistic Representations for Vision-and-Language Tasks



Multimodal Few-Shot Learning with Frozen Language Models

Frozen: Ap proa Ch Maria Tsimpoukelli, Jacob Menick, Serkan Cabi, S. M. Ali Eslami, Oriol Vinyals, Felix Hil

- 1 boat on  the water  « fine-tuning B hurts generalization
t t t ottt e (because the LM datasets size >>

fo Language Model % Erosen text/image coupled datasets)
Self Attention Layers Lo
“l .II.'.I [y J [} [y & f [ -
| ( 1 ) | « Modularity : plug-n-play any LLM !
A l A | A & [y 4 & F 8 A
Yo Visi 9o L Model
B Tt Embedger  ¥Frozen |« Proof on concept : small scale (7B

1 1 1 1 1 1 model), but enough to show interesting
properties for few-shot

A small red boat

- Training objective : for only one image !
But at inference multiple images

supported (thanks to relative pos. enc.)
A simple architecture . a completely frozen LLM,

conversion .of the image w/ Resnet into 2 tokens Georgia
(~prefix tuning). Gradient flows through LLM GI' Tech



Architectures

* Language model: GPT-like ~7B model trained on C4

— C4: Cleaned up version of common crawl! by Google/Meta

 Vision Model: NF-ResNet-50 architecture



Frozen: Supports Interleaved Inputs!

Blue <EOS>

1

Self Attention Layers

ey

Text
Embedder

T

Question:
What colour
is the car?
Answer:

Vision
Encoder

(a) 0-shot VQA

Steve Jobs : <EO0S>
I I Pt
Self Attention Layers
CLpLrrrrrprnpnnnnet )
Vision Text Vision Text
Encoder Embedder Encoder Embedder
Q: Who Q: Who
invented invented
this? A: this? A:
The Wright
brothers.

(b) 1-shot outside-knowledge VQA

Possible thanks to Position encodings !

This is a dax ; <EQS>
A . (— — I
Self Attention Layers
SERUNERR NN nannnunnuNnNNERNNANNN| )
|
Vision Text Vision Text Vision Text
Encoder Embedder Encoder Embedder Encoder Embedder
T T I
This is a This is a Question:
dax. blicket. What is
this?
Answer:

(c) Few-shot image classification




Frozen: Supports Few-Shot Learning!

n-shot Acc. n=0 | n=1 | n=4
Frozen 5.9 9.7 | 12.6
Frozen 400mLM 4.0 5.9 6.6
Frozen gnetuned 4.2 4.1 4.6
Frozen train-blind 3.3 12 0.0

Frozen VQA 19.6
Frozen VQA-blind 123

MAVEXx [42] 394

N> X[ X X% %[

Table 2: Transfer from Conceptual Captions to
OKVQA. The 7 column indicates if a model uses
training data from the OKVQA training set. Frozen
does not train on VQAV2 except in the baseline row,

and it never trains on OKVQA.

Steve Jobs <EQS>
Self Attention Layers
Vision Text Vision Text
Encoder Embedder Encoder Embedder
Q: Who Q: Who
invented invented
this? A: this? A:
The Wright
brothers.

(b) 1-shot outside-knowledge VQA

Gr Georgia
Tech.




Limitations & Conclusion

« Far from SOTA performance : proof of ¢ System only trained for captioning,
concept for new area of research "few but capable of open-ended
shot multi-modal learning” interpretation of images and
multimodal few-shot learning

« Unexplored question : Could
performance be improved with more
elaborate architectures for mixing
vision and language ?

Context

ﬂ

&=

Model Completion

This was invented by This was invented by This was invented by | N the Wright
I Zacharias Janssen. Henry Ford. v brothers. 1 Gr Georgia
| Tech.




Language Model

Connection Module

Vision Encoder

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

Q-Former : .

- Querying Transformer * Writa a romantic messaga
5 I that goes along this photo.

Love is like a sunaet, it's
50-88 Text hard 1o s28 It coming but
Queries whean it does its 50 beantifl

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

Pre-trained: FLAN-T5/OPT

Q-Former: Lightweight
Querying Transformer

Contrastive pre-trained:
EVA/CLIP

Slide by Chunyuan Li
Georgia

Tech )




Problems With Current Vision-Language Pretraining

N

« No unified architecture for multi-task vision-language pre-training

o Encoder only models
= CLIP, ALBEF
= Not directly applicable to text generation tasks

o Encoder-Decoder models
« VL-T5, SimVLM — BLIP
» Can't perform image-text retrieval

« Noisy image captions are suboptimal for vision-language pretraining

« High computational costs during pre-training
* Pre-trained encoders experience catastrophic forgetting — BLIP 2

Diffusion Transformer _ BL| P 3

Georgia
22 Gl" Tech.



Proposed Solutions

* BLIP: Bootstraping Language Image Pretraining
o Multimodal mixture of Encoder-Decoder (MED)
= Unimodal encoder
» |mage-grounded text encoder
* |Image-grounded text decoder
o Captioning and Filtering (CapFilt)

“blue sky bakery in .
sunset park ” Q@ 'l

“chocolate cake

with cream frosting
and chocolate °<:| ll
sprinkles on top”

« BLIP 2: BLIP with Frozen Unimodal Models T — R |

] ] ] | Vision—and:Languag_e ‘ Vision—t_o-Langua_ge !

0O M O d a | Ity b i d g e Wlth Q_ F O rm e r Representation Learning . 1 Generative Learning '
i E 1 ;

o Frozen Unimodal Encoders e — :: |
= Compute Efficient | oo G T““}*— e s

f f
Text

Love is like a sunset, it's

= Very less forgetting

hard to see it coming but

Queries E 3 when it does it's so beautiful. i
Bootstrapping Pre-trained 1 Bootstrapping Pre-trained
I Image Models || Large Language Models (LLMs)
23 Gr Georgia
Li et al., BLIP: Bootstrapping Language-lmage Pre-training for Unified Vision-Language Understanding and Generation Tech.

Li et al., BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models



BLIP Model Architecture

™ LM
[ I ]
L : . - 5
¢ P [ D b d » R
' oDy I
< [ Feed Forward ] [ Feed Forward J [ Feed Forward }
[ Feed Forward J + | $
[ = T
g57) ( : ( :
M M =l Cross Attention ] '-=L Cross Attention ]
[ Self Attention ] 1 |
L 3 — g g v
Image [ Bi Self-Att ] [ Bi Self-Att ] [ Causal Self-Att ]
Encoder k r Y ¥
-’“ - / 2 / o /
Text Image-grounded Image-grounded

Encoder “rcs) +(_)” Text encoder “[Encode] +[_ )" Text decoder “[Decode] +(__ )"
.T

“a little girl holding a kitten next to a blue fence” Each block color represents
a unique weight parameters
1. Unimodal Encoder (Image & Text Encoder) \ViT-B/16 or ViT-L/16

2. Image-Grounded Text Encoder
24+ 3. Image-Grounded Text Decoder G Seoigia



BLIP Text Encoder/Decoder Parameter Sharing
Shared Feed

Forward Layer

[+ mc f—( ] M
4 v d B N
4 oDy I :
~ [ Feed Forward ] [ Feed Forward ] [ Feed Forward ]
[ Feed Forward ] ) ' 1
D D
g v
» D) ( ] ( ]
N X 3 (V% '-=l Cross Attention ] '-=|L Cross Attention ]
[ Self Attention ] !
& _.EB :"'\..J a
o v
Image [ Bi Self-Att ] [ Bi Self-Att Self-Att ]
Encoder i 3 r Y
G ’
.
Image-groysded

y Text
"" .aﬁ Encoder “lEncode] +()” W 9P “[pecode] + ()"
48 * -

“a little girl holding a kitten next % a blugffence”

Shared Bi Self-Att Layer Shared Cross-Att Layer |
: G e

Sharing parameters reduces model size



Pre-training Loss Function (ITC & ITM)

Image-Text Contrastive Loss (ITC) [1]

- : 1 m +— ] I
Align the feature space of the visual ) ——& —&
transformer and text transformer :"j ([Feea Forwera | ([ reed rorwara

o . . Feed Forward j -
Encourage positive image-text pairs, . e " { Cross ttenton |
having similar representation (== —% 3
Eigger | Bi Self-Att | { Bi Sejlf—Att
k- _/ /

Image-Text Matching Loss (ITM) [1]

Capture the fine-grained alignment b/w
vision & language

Binary classify of whether an image-text
pair matched or unmatched

Text Image-grounded
aa Enoderqeus+ ) Tetenceder vencode]+()”
B4 +

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

Bi-directional self-attention block ->
build representations of current
tokens

Georgia
2§ Gl" Tech.

[1]Li, et al. Align before Fuse: Vision and Language Representation Learning with Momentum Distillation, NeurlPS21



Pre-training Loss Function (LM)

Language Modeling Loss (LM) —
Generate text captions given an image

Maximize the likelihood of the caption in an autoregressive
manner

Enables generalization capability of converting vision into
coherent caption

Causal self-attention block -> predict next tokens

LM

F
4 o] N
>

[ Feed Forward }

"

=[ Cross Attention ]

"y

[ Causal Self-Att ]
N S/
Image-grounded
Text decoder “[Decode] +[:];.-

|
\[ “a little girl holding a kitten next to a blue fence” ]/'

Georgia
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Captioning and Filtering (CapFilt)

Model Pretraining Dataset Bootstrapping

Filter Filtering
|
> D = {(Ly, Tw)} + {Un, Tr)} (Image-grounded | | —~ > {1, T} + {Uy, T} | E> To data
Text Encoder) ﬁ :

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

ITC&ITM finetuneﬁ {Uw, Ty)} @

i
I
I
I
I
]
1 Pre-train@
I
I
I
I
I
I
I
]

|
1
1
|
|
' |
I |
I |
] D = {(w, TW)} + {(, T} |,  images
Multimodal Mixture of : (I, T} +{(I;, T} i
Encoder-Decoder : . Tw:web texts
) LM finetune @ {1} ! Tw': flltered' web texts
e e e e e e _l_ _________ | i T.:synthetic texts
________________ L | - £5 i
3 ' Captioner ‘@ (U T} : Ts: :gii;Ed synthetic
1 = |:|,> ’
: Downstream Tasks I : (image-grounded N e I T,,: human-annotated
I o Text Decoder) Captioning I
I o . texts

Create synthetic captions & filter out noisy captions

Gap: Image-text pairs from web data are noisy -> suboptimal performance in VLM

Captioner: Decoder Finedtuned with LM Loss.
Filter: Encoder Finetuned with ITC and ITM Loss. Filter text (both from web and synthetic data)
if ITMis O.

Georgia
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Diversity is The Key

Nucleus Sampling (Stochastic Search) for Caption Selection

Each token is sampled from a set of tokens whose cumulative probability mass
exceeds a threshold p (0.9).

Noisier data, but better performance.
More diverse and surprise data for better robustness?

Generation Noise | Retrieval-FT (COCO) | Retrieval-ZS (Flickr) | Caption-FT (COCO) | Caption-ZS (NoCaps)
method ratio TR@1 IR@1 TR@1 IR@1 B@4 CIDEr CIDEr SPICE

None N.A. 78.4 60.7 93.9 82.1 38.0 127.8 102.2 13.9
Beam 19% 79.6 61.9 94.1 83.1 38.4 128.9 103.5 14.2
Nucleus 25% 80.6 63.1 94.8 84.9 38.6 129.7 105.1 14.4

Table 2. Comparison between beam search and nucleus sampling for synthetic caption generation. Models are pre-trained on 14M images.

Georgia
29 Gl" Tech.



N times
We b'd ata & Dataset Bootstrapping

human-annOtated Model Pretraining Filter Filtering

(Image-grounded | I D | W, T} + (U, T}
Text Encoder) ﬁ

ITC&ITM finetuneﬁ {0, T,)} @

. D = {(Uy, T,)} + {Uw, )}
F’“"‘“a'”@ (U T} H (I Th)}

i_-_

D= {UWJTW)} + {(‘rh: Th)]

Multimodal Mixture of LM finetune @

Encoder-Decoder @ | |
Captioner ]

(Image-grounded :> {(Ly, T}

Text Decoder) Captioning

Pretrained

gy S
g g Q)
5 3 &

Unimodal Encoder Finetuned CapkFilt

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

T, : web texts

T, filtered web texts

T : synthetic texts

T.: filtered synthetic
texts

T}, human-annotated Flltered Web'data

texts Georgia

& synthetic data Tech




Experiments and Results

* Image Transformer
ViT-B/16 or ViT-L/16 architecture pre-trained on ImageNet

 Text Transformer
BERT, e

* Pre-training Dataset (14M, 129M Images)
2 human-annotated datasets: COCO & Visual Genome
3 web datasets: Conceptual Captions, Conceptual 12M, SBU captions

* Finetune to downstream datasets
* Image Resolution (384 x 384)

Georgia
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Effect of CapFilt

Metrics

TR: Image-text retrieval
IR: Image caption

Settings

FT. Finetuning

ZS: Zero-Shot

B@4: BLEU
Pre-train Bootstrap | Vision Retrieval-FT (COCO) | Retrieval-ZS (Flickr) | Caption-FT (COCO) | Caption-ZS (NoCaps)
dataset C F backbone | TR@1 [R@1 TR@1 IR@1 B@4 CIDEr CIDEr SPICE
X X 78.4 60.7 93.9 82.1 38.0 127.8 102.2 13.9
ESS%E\{JG X v B ViT-B/16 79.1 61.5 94.1 82.8 38.1 128.2 102.7 14.0
(14M imgs) B X ) 719.7 62.0 94 .4 83.6 384 128.9 103.4 14.2
& VB VB 80.6 63.1 94.8 84.9 38.6 129.7 105.1 14.4
X X 79.6 62.0 943 83.6 38.8 130.1 105.4 14.2
ESS%E\{JG v V5 | VIT-B/16 81.9 64.3 96.0 85.0 39.4 131.4 106.3 14.3
+LAION Vi VL 81.2 64.1 96.0 85.5 39.7 133.3 109.6 14.7
(129M imgs) | X X ViT1/16 80.6 64.1 0951 R5.5 40.3 135.5 112.5 14.7
Vi VL ) 82.4 65.1 96.7 86.7 40.4 136.7 113.2 14.8

The use of captioning or/and filtering improves the performance across all tasks
Performance scales with more data (14M -> 129M) and more parameters (ViT-B/16 ->

ViT-L/16)

32
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Sharing Parameters Results

Retrieval-FT (COCO) | Retrieval-ZS (Flickr) | Caption-FT (COCQ) | Caption-ZS (NoCaps)

Layers shared  #parameters | 1p@)  [R@l | TR@1 IR@lI | B@4  CIDEr | CIDEr  SPICE

All 224M 717.3 59.5 93.1 81.0 37.2 125.9 100.9 13.1
All except CA 252M 71.5 599 93.1 81.3 37.4 126.1 101.2 13.1
All except SA  252M 78.4 60.7 93.9 82.1 38.0 127.8 102.2 13.9
None 361M 78.3 60.5 93.6 81.9 37.8 127.4 101.8 13.9

Sharing all parameters except for self-attention (SA) in the text encoder and
decoder -> best performance & reduce model size

Reasoning: Sharing SA layer would degrade performance due to conflicting
objective between the encoder and decoder.

Georgia
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Image Text Retrieval

« Evaluate BLIP for both image-to-text retrieval (TR) and text-to-image retrieval (IR),

fine tuned on image-text contrastive loss (ITC) and image text matching loss (ITM).

« Select k candidates based on the image-text feature similarity, and then rank the
selected candidates based on their pairwise ITM scores.

Method Pre-train COCO (5K test set) Flickr30K (1K test set)
etno # Tmages TR IR TR IR
R@]1 R@5 R@10 R@1 R@5 R@10|R@]1 R@5 R@10 R@l1 R@5 R@I10

UNITER (Chen et al., 2020) 4M 657 886 938 529 799 880 | 873 980 992 756 941 96.8
VILLA (Gan et al., 2020) 4M - - - - - - 879 975 988 763 942 96.8
OSCAR (Li et al., 2020) 4M 700 91.1 955 540 80.8 88.5 - - - - - -
UNIMO (Li et al., 2021b) 5.7M - - - - - - 89.4 989 998 780 942 97.1
ALIGN (Jia et al., 2021) 1.8B 77.0 935 969 599 833 898 |953 998 1000 849 974 98.6
ALBEF (Lietal., 2021a) 14M 776 943 972 607 843 905 | 959 998 1000 856 97.5 989
BLIP 14M 80.6 952 97.6 63.1 853 91.1 |9%.6 998 100.0 872 97.5 98.8
BLIP 129M 819 954 978 643 857 915 (973 999 100.0 873 97.6 98.9
BLIPcapFitc-L 129M 812 957 979 o64.1 858 916 | 972 999 100.0 875 97.7 989
BLIPviT.L 129M | 824 954 979 651 863 918 |974 998 999 876 97.7 99.0

34 Table 5. Comparison with state-of-the-art image-text retrieval methods, finetuned on COCO and Flickr30K datasets. BLIPcapi.L. pre-trains

a model with ViT-B backbone using a dataset bootstrapped by captioner and filter with ViT-L.

a



Image Captioning

 Similar as Simvim (Wang et al. (2021)), add a prompt “a picture of” at the
beginning of each caption, which leads to slightly better results.

35

Pre-train NoCaps validation COCO Caption

Method 4maces in-domain  near-domain out-domain overall Karpathy test

8 cC s C€C s C S C s |Be4 C
Enc-Dec (Changpinyo et al., 2021) 15M 926 125 8383 121 945 119 902 12.1 - 110.9
VinVLT (Zhang et al., 2021) 5.M 103.1 142 96.1 13.8 883 12.1 955 135 382 1293
LEMONy,,s.T (Hu et al., 2021) 12M 1045 14.6 100.7 14.0 96.7 124 1004 13.8 - -
LEMONy, 5.1 (Hu et al., 2021) 200M 107.7 147 106.2 143 1079 13.1 106.8 14.1 | 40.3 133.3
BLIP 14M 111.3 15.1 1045 144 1024 137 1051 144 | 38.6 129.7
BLIP 129M 109.1 14.8 105.8 144 1057 13.7 1063 143 | 394 1314
BLIPcpFile-1. 129M 111.8 149 108.6 148 1115 14.2 109.6 14.7 | 39.7 1333
LEMON ;g T (Hu et al., 2021) 200M 1169 158 1133 15.1 111.3 140 1134 150 | 406 1357

(Wang et al., 2021)

BLIPy;rL. 129M 1149 152 112.1 149 1153 144 1132 148 | 404 136.7

rgia
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Visual Question Answering

« An answer generation task, which enables open-ended VQA.

 During finetuning, they rearrange the pre-trained model, where an image-
question is first encoded into multimodal embeddings and then given to an

answer decoder. The VQA model is finetuned with the LM loss using ground-truth
answers as targets.

(a) VQA

36

I

|

Image
Encoder

1

t
Image

L 1

{

Question
Encoder

|

t

“l[Encode] + Q"

dnswer

t

{

Answer
Decoder

|

t

“IDecode]”

Pre-train VQA NLVR?
Method #Ilmages | test-dev test-std dev test-P
LXMERT 180K 7242 7254 7490 74.50
UNITER AM 72770 7291 77.18 77.85
VL-T5/BART 180K - 71.3 - 73.6
OSCAR AM 73.16  73.44 78.07 78.36
SOHO 219K 73.25 7347 7637 77.32
VILLA AM 73.59  73.67 78.39 79.30
UNIMO 5.6M 75.06  75.27 - -
ALBEF 14M 75.84  76.04
SimVLMp,set 1.8B 77.87  78.14 81.72 81.77
BLIP 14M 7754  77.62 82.67 82.30
BLIP 129M 7824  78.17 82.48 83.08
BLIPcapFilt-1. 129M 78.25 7832 82.15 8224




Natural Language Visual Reasoning

* NLVR (Suhr et al., 2019) asks the model to predict whether a sentence describes
a pair of images.

* Make a "simple" modification to our pre-trained model -> a more computational-

efficient architecture.

(b) NLVR? true/false
t
e ™\
N X f
[ Merge Layer ]
Image _: Cross Cross L) Image
Encoder | Attention Attention Encoder
f - f

Image #1 \_ Image #2

t

37

“[Encode] + Text ”

Pre-train VQA NLVR?
Method #Ilmages | test-dev test-std dev test-P
LXMERT 180K 7242 7254 7490 74.50
UNITER AM 72770 7291 77.18 77.85
VL-T5/BART 180K - 71.3 - 73.6
OSCAR AM 73.16  73.44 78.07 78.36
SOHO 219K 73.25 7347 7637 77.32
VILLA AM 73.59  73.67 78.39 79.30
UNIMO 5.6M 75.06  75.27 - -
ALBEF 14M 75.84  76.04
SimVLMp,set 1.8B 77.87  78.14 81.72 81.77
BLIP 14M 7754  77.62 82.67 82.30
BLIP 129M 7824  78.17 82.48 83.08
BLIPcapFilt-1. 129M 78.25 7832 82.15 8224




Visual Dialog

* VisDial (Das et al., 2017) extends VQA in a natural conversational setting, where
the model needs to predict an answer not only based on the image-question
pair, but also considering the dialog history and the image’s caption.

 Follow the discriminative setting where the model ranks a pool of answer

candidates.
Method | MRRT R@11 R@57 R@10t MR
VD-BERT 67.44 5402 8396 9233  3.53
VD-VILBERTY | 69.10 55.88 8550 9329 3.5
BLIP 6941 5644 85.90 93.30 3.20
¢) VisDial
[ I true/false
I | | | 4
Image Caption Dialog
Encoder Encoder Encoder
t t t
Image “TEncode] + C” “[Encode] + + Dialog History” Georgia
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Zero-Shot Transfer to Video Language

» Perform zero-shot transfer to text-to-video retrieval and video question answering,
where we directly evaluate the models trained on COCO-retrieval and VQA,
respectively.

 To process video input, we uniformly sample n frames per video(n = 8 for retrieval
and n = 16 for QA) and concatenate the frame features into a single sequence.
Note that this simple approach ignores all temporal information.

Method | RIT RSt RI0T MdR|  Method | MSRVTT-QA MSVD-QA
zero-shot

zero-shot
ACtBERT (Zhu & Yang, 2020) | 8.6 234 33.1 36
SupportSet (Patrick et al., 2021) | 8.7 23.0 31.1 31 VQA-T (Yang et al., 2021) 29 7.5
MIL-NCE (Miech et al., 2020) | 9.9 240 324 295  BLIP 19.2 35.2
VideoCLIP (Xu et al., 2021) | 10.4 222 300 - _
FiT (Bain et al., 2021) 187 395 51.6 10  finetuning
BLIP B3 66 77 2 HME (Fan et al., 2019) 33.0 33.7
finetuning HCRN (Le et al., 2020) 35.6 36.1
ClipBERT (Lei et al., 2021) 22.0 46.8 599 6 VQA-T (Yang et al., 2021) 41.5 46.3

VideoCLIP (Xu et al., 2021) 309 554 66.8




BLIP2: Introduces Q-Former

_ [I:I O-00 Output Text [ a cat wearing sunglasses ]
Bootstrapping from a - » 1
Decoder-based E : Image ) Fully
Large Language Model ‘ Bl Encoder [ Q-Former Connected LLM Decoder
(e.g. OPT) b t
| (DOo-mo) \»[D O o)
Input Image Learned Queries
[D -0 O Suffix Text [ wearing sunglasses ]
Bootstrapping from an - m_*‘._!
Encoder-Decoder-based E Fully
Large Language Model ' f — — [ Q-Former ] { Connected ] = LLM Encoder =« LLM Decoder
(e.g. FlanT5) e = }
| (DO0-mO) \-[D O-m @) (acat |
Input Image Learned Queries Prefix Text

Li et al., BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models

Georgia
Gl" Tech.



BLIP2: Q-Former

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

Q-Former Image-Text Image-Grounded B masked [J] unmasked
Matching Text Generation Q - Q T
Input Image [
( i ’ ] o L] L0 |:||:J .. (0] BE
> Q
— ‘000 °oomm COOEE
ther block
ohere enton Hasking ;0000 000 SO0
_._ T C——— ‘0000 "oooo e L
O Self Attention 1‘9‘3{:‘""’“‘ IC*I’“EEJ___": xN Bi-directional Multi-modal Causal Uni-modal
- < - * = Self-Attention Mask  Self-Attention Mask Self-Attention Mask
Learned : Image-Text Image-Grounded Image-Text
Queries |5 0-00 Input Text | a cat wearing sunglasses | Matching } l Text Generation lcontrastive Learning

Georgia
o GI' Tech.



BLIP2 Test Results

#Trainable Open-

Visual Question Answering Image Captioning Image-Text Retrieval

Models VQAV2 (test-dev) NoCaps (val) Flickr (test)
9

Params  sourced VQA acc. CIDEr SPICE TR@I R@1
BLIP (Li et al., 2022) 583M v - 113.2 14.8 96.7 86.7
SimVLM (Wang et al., 2021b) 1.4B X - 112.2 - - -
BEIT-3 (Wang et al., 2022b) 1.9B X - - - 94.9 81.5
Flamingo (Alayrac et al., 2022) 10.2B X 56.3 - - - -
BLIP-2 188M v 65.0 121.6 15.8 97.6 89.7

42
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Summary of Strengths, Weaknesses, Relationships

* New pre-training (fine-tuning)  Very specific finetuning procedure
techniques » Introduced new architectures after

« Synthetic data (less noise/variance) pre-training

« Scalability (In terms of performance)  Very specific testing setup with a lot of

model changes
« Synthetic data (more bias)

 Network architecture is modular

Georgia
o Gl" Tech.



Output: text

ﬁﬁ Pretrained and frozen o a very serious cat
Trained from scratch f
n-th LM block -
. FI ' . | . . n-th GATED XATTN-DENSE
a.l l I In g O . Perceiver Perceiver
Rezampler Resampler - Llllhlunk *
f f 1st GATED XATTM-DENSE
Vigion Vizion —
Encoder Encoder Processed text

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

Interleaved visual/text data

‘:" | This is a very cute dﬁg.@ This is
|

Language Model Pre-trained: 70B Chinchilla

Perceiver Resampler

Connection Module .
Gated Cross-attention + Dense

Vision Encoder Pre-trained: Nonrmalizer-Free ResNet (NFNet)

Slide by Chunyuan Li

Flamingo Gegrg%iﬁ&




Flamingo: a Visual Language Model for Few-Shot Learning (Alayrac et al.)

Goal: Few-shot learning to perform novel multimodal tasks

Implications Contributions

- Key element of human intelligence . Flamingo: family of VLMs [1]

. Don’t need to fine-tune models - Connect frozen vision-only and language-
- Resource intensive only models
. Task-specific annotated data - Interactive, generates open-ended text
—— ntpr:i_pt | ) %} . State-of-the-art learning on 16 tasks (Q)
== o _)\ e +  Using just examples

o - VQA, captioning, visual dialogue, etc.

A O 9
'CONGRESS .- [EETSNS

"'Soulomes" R . . G E Ol'gia
- Q: Can it localize objects? Cr Tech

4
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Related Works

Adapting models to novel tasks

Partial Fine-Tuning

- Adapter modules [Z]

« Few trainable parameters per task

« Original network parameters stay fixed
. BitFit [3]

Only modifies bias term

« Competitive performance to fine-tuned

models

Q: Since prompt-tuning achieved better few-shot learning performance than GPT-3, could it also achieve better

performance in multimodal space?

Prompt-Based Approach
GPT-3 [4]

Show in-context examples within prompt

Scaled-up language model
Prompt-Tuning [5] (Q)

- Prompt optimization through gradient

descent
- Learn “soft prompts” to influence frozen

LM to perform tasks

Georgia
GI' Tech.

4
6



Related Works

Chinchilla: Base Language Model (6]

SOTA accuracy on MMLU

MMLU: Exam-like questions on Random 25.0%

_ _ Average human rater 34.5%

academic subjects GPT-3 5-shot 43.9%

Scaled training tokens at same rate ~ Gopher 5-shot 60.0%

_ Chinchilla 5-shot 67.6%

as model size Average human expert performance 89.8%
Trained on MassiveText /]

Georgia

Tech. 4
7



Blue <EO0S>

P 1

‘ Self Attention Layers |

el |
T T

Vision Text
Encoder Embedder
i Question:

M8 what colour
# 1is the car?
Answer:

(@) 0-shot VQA

Steve Jobs . <EQS>

t t t 1

‘ Self Attention Layers |

CCOLCCCrLd
T

(Lt J
T T

Vision Text Vision Text
Encoder Embedder Encoder Embedder
Q: Who Q: Who
invented invented
this? A: this? A:
The Wright
brothers.

(b) 1-shot outside-knowledge VQA

Training: R S R I T
f (2] Language Model s Frozen
Self Attention Layers
pw rr r r r I 1
cJeJe et Jt o Je Je
Lttt t t 1
Y vision || 94 Language Model . .
Encoder Text Embedder

S T T R T A

A small red boat

This is a dax . <EOQS>
Pttt t
‘ Self Attention Layers |

LLOCC

T
T

LCCreereeeerefeeerfer J
T T T

Vision Text Vision Text Vision Text
Encoder Embedder Encoder Embedder Encoder Embedder
This is a 4 This is a Question:
N dax. blicket. What is
this?
Answer:

(c) Few-shot image classification

Georgia
GI' Tech.



Flamingo VL *

«  Three challenges for training with image/video and text.

« Supporting both images and videos
— Images /videos :2D structure with high dimensionality.
— Text: 1D sequence

— Sol.: Introduce Perceiver Resample module.

* The interaction with image/video and text

— keep the pretrained model’s language understanding and generation capabilities fully intact

— Sol.: Interleave cross-attention layers with frozen self-attention. gating mechanism.

« Obtaining multimodal dataset to induce good generalist capabilities
— Dataset with weak matching problem

— Sol.: combine dataset with standard strong related paired image/text and video/text datasets

\ Slide by Azade Farshad and Mei Sun
gia |




*  Flamingo VLM

Overview of the Flamingo Model

‘ﬁﬁ;OUtput: text
- Pretrained and frozen

Trained from scratch a very serious cat.
during Flamingo training 1

Perceiver Perceiver N n-th GATED XATTN-DENSE
Resampler Resampler :
f

1st GATED XATTN-DENSE

-

Processed text

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

Input: text and visual
data interleaved

This is a very cute dog.

’

This is . Each image is

Visual data
processing

encoded individually




Flamingo VL

* Model structure - Supporting both images and videos

Perceiver Resampler l | [ ‘
X _num_layers ________________.__.lL gbd
FF
Attention v
i H K=V=[X,,X] T 0=[x] i
=_ _____________________ X ]
SRR 77 77
‘é ‘é ,é Learned
EEE o 1ate.nt
AEE HEHEE EEE NNETEES
L -l! fixed #

| Encoder Encnder ‘ Encnder

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."

# Add the time position embeddings and flatten.
x_f = x_f + time_embeddings
x_f = flatten(x_f) # [T, S, d] -> [T * S, d]
# Apply the Perceiver Resampler layers.
for i in range(num_layers):
# Attention.
x = x + attention_i(gq=x, kv=concat([x_f, x]))
# Feed forward.
x = x + ffw_i(x)

return x

pseudo code

Maps a variable size grid of visual features from the

Viggn

_ hAugus
figur

Using pre-trained ResNet to get visual features
Xy
Compress the encode image into R tokens
Core of this module : Attention .

— Query: the learned latent token X

— Key=Value: the concatenation of X; and the

learned latent token X

— Better performance by concatenating keys

and values obtained from latent

If the input is video

— X; will add time embeddings

Slide by Azade Farshad and Mei Sun

Georgia ’l
Tech |/



Perceiver [ Perceiver 10:
Transformer for general data perception

* General data processing
method given data can be

mapped into sequence of c .
vectors —
Process xL K EE %
) o= ====- | ol ql == =, Tm
* Use cross attention to KL by || — '—_Att- - Eaaaa
fetch information from ! | _ scores
input Latent 9 [T Q = : T T__K__‘;'_'_‘
array N [(TT] : ” E D:D':_"’ § TT] : T 1 : Output
. : < : < ! c :
. fSelf attention to process Output R S N :
input. query ! g
array : <
Decode ,

U —

* Use cross attention to
fetch relevant information
and send to output.

Jaegle, Andrew, et al_ "Perceiver: General perception with iterative attention " ICML, 2021
Jaegle, Andrew, et al. "Perceiver io: A general architecture for structured inputs &
outputs " ICLR, 2021

Georgia
GI' Tech.



*  Flamingo VLM

Model structure - The interaction with image/video and text

i (%}_ def gated_xattn_dense|(

y, # input language features

x, & input visual features

alpha_xattn, # xattn gating parameter — init at 8.

(‘)-

alpha_dense, # ffw gating parameter - init at 8.

_______________________________

1 r :l_'

: : self attention $ ) e

| : \ Applies a GATED XATTN-DEMSE layer.

| LM layer * k=v=[v] } } a=lv]

1

: ] i 1. Gated Cross Attention

i : tanh gating y = y + tanh(alpha_xattn) * attention(g=y, kv=x)
X _:_"‘ GATED XATTN-DENSE : FIEW # 2. Gated Feed Forward (dense) Layer

I
: Y : f y = y + tanh(alpha_dense) * ffw(y)
i I

C)_ # Regular self-attention + FFW on language
tanh gating
! y = y + frozen_attention(g=y, kv=y)

cross attention y =y + frozen_fFfu(y)

I ]
1 L]
1 1
1 1
i ]
i 1
1 1
I 1
1 ]
i 1
I 1
I ]
i 1
1 1
I 1
I ]
i 1
1 1
I ]
i 1
1 1 #
| ® -
I ]
i 1
I 1
I 1
i ]
1 1
1 1
I ]
i 1
1 1
I 1
I ]
1 1
1 1
I 1
i ]
1 1
: : return y # output visually informed language fTeatures
i ]

Y L et 3 1 I R e=lvl

Vision Language
input input

A Gated Cross attention mechanism is proposed to fuse images and text.

Slide by Azade Farshad and Mei Sun
Georgia |

Tech |




*  Flamingo VLM

« Model structure - The interaction with image/video and text

Frozen LM layers

* Pretrained and frozen

Trained from scratch

i i el _ — LM: 70B parameter Chinchilla

e =]

— keep pretrained LM’s language understanding

| | self attention 3K Gated Cross Attention:
LM layer B : k=v=[v] 1} Poastvi |
T i o—— | — Query: Y, Key=Value: X

X ————+—' GATED XATTN-DENSE

— Tanh Gating: Initialized with 0 then gradually increases

; ! FFW :
i \ cross attention | — Transitions from a fully trained text-only model to a visual

i S el language model.

Language
input input

The LM can generate text conditioned on the above visual

tokens

Slide by Azade Farshad and Mei Sun
Georgia ’,

Tech ||



https://www.deepmind.com/publications/an-empirical-analysis-of-compute-optimal-large-language-model-training

*  Flamingo VLM

Model structure - Interleaved visual data and text support
_ Masked cross_attention - non

K=v=[X]

Cute pics of my pets!
1 O N | masked
1 O W A — - asked

R O Y S

Y <B0S> Cute pics of my pets!<EOC><image>My puppy sitting in the grass. <EOC><image>My cat looking very dignified.<EOC> Vision Visian
Encoder Encoder

My puppy sitting in the
grass.

I

tokenization

T

<B0S>Cute pics of my pets!<EOC><image>My puppy sitting in the grass.<EOC><image> My cat looking very dignified.<EOC>

My cat looking very
dignified.

Input webpag Proc d text: <image> tags are inserted and special tokens are added

. Multi-visual input support: per-image/video attention masking

. During Cross-attention,
— each text can only focus on one image before it.

— Function ¢ : for each token what is the index of the last preceding image

. During final prediction,

A\ 2~ SldebyAzade Farshadand Mei Sun
) Georgia |

Tech %E




Flamingo VLM ?%

« Model structure - Obtaining multimodal dataset to induce good generalist capabilities

" """ ‘\‘ N
r ‘ " 8| This is a
picture of
my dog.

A kid Welcome
doing a to my o
Bl kickflip. | | website! ¥ S

‘ This is an
| image of a
flamingo.

Image-Text Pairs dataset B 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]
«  M3W: Scrapping 43 million webpages from the Internet
« Training on a mixture of vision and language datasets
— M3W(185M images+ 182G text)
— ALIGN(1.8B images with alt-text)
— LTIP (312M images/text)
—  VTP(27M short video/text)

Slide by Azade Farshad and Mei Sun
Georgia ’,

Tech |/




X

" Flamingo VLM

* Result: Overview of the results of the Flamingo models

SotA Comparison Effect of Number of Shots Effect of Model Scale
| | | S 100.0%
g —&— Flamingo 80B
NextQA §'5 90.0% 1 Flamingo 9B
iVQA _E— - — E‘g ' Flamingo 3B
i i o
Flick30K -8 _— -_— B2 s0.0%;
i 5 0 E———— e — Po
STAR 107 {o. 115% . = ; A | |
MSVDQA 73% 109% < 04 8 16 32
OKVOA - 80%- 106% , , Number of shots
HatefulMemes - BB%I 593%

VizWiz . Larger model sizes and
VATEX

voav2 | 4s%[easal more few-shot examples

FI
ﬂl

TR

Flamingo (80B) :
coco -m B 55 chots Flamingo (80B) 32 shots
VisDial 4159 Previous [ 32 shots B Flamingo (80B) lead to better performance
Te"tVQA_ SotA 1 0 shots 1 Flamingo-3B
MSRVTTQA - 41%-
YouCook2 6206
0% 50% 100% 150% 50% 75% 100% 125% 150% 50% 75% 100% 125% 150%

Performance relative to Fine-Tuned SotA

. Performance of Flamingo model using different numbers of shots and of different

sizes,(without fine-tuned) in comparison with SoTA fine-tuned baseline.
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Approach

Training on a mixture of vision and language datasets

. Datasets

- M3W:Interleaved image and text dataset.

« ALIGN: 1.8B text-to-image
« LTIP: 312M long-text and image
« VTP: 27M short-video and text

Sl A kid
S | doing a
2 I kickflip.

This is an
image of a
flamingo.

Welcome / This is a
to my - : picture of
website! ¢ my dog.

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]

Figure 9: Training datasets. Mixture of training datasets of different formats. N corresponds to the number of
visual inputs for a single example. For paired image (or video) and text datasets, N = 1. T is the number of
video frames (7" = 1 for images). H, W, and C are height, width and color channels.

- Multi-objective training and optimisation strategy.
« Tuning the per-dataset weights Am is key to performance.
- Below weights were obtained empirically at a small model scale and kept fixed afterwards.
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Experiments and Results

Zero/Few-shot Performance

S 3 & S
< N S < i’ S ¥ S £ g = 2 < < E 3
v Frose 5% 8 & £ f % B 3z % 2 % 8 3 2 3
N o 7] - »
S 4 o % < s = % = 2 B & 3 ! g 3
s o
B4 4] [124] 58] 58] [135] 143 [79] 851 [85]
Sﬁﬁoﬂ P 433 382 322 352 - - 192 122 - 394 116 i - 661 407
X) (16) 4) (0) (0) () (0) (0) 0) 0 (O
X 0 412 492 730 275 401 289 606 110 327 558 396 461 301 213 537 584
Flamingo3B X 4 433 532 850 330 500 340 720 149 357 646 413 473 327 224 536 -
X 32 459 571 990 426 592 455 712 256 317 167 416 4713 306 261 563 -
X 0 447 518 794 302 395 288 615 137 352 550 418 480 318 230 570 579
Flamingo9B X 4 493 563 931 362 517 349 726 182 377 708 428 504 336 247 627 -
X 32 510 604 1063 472 574 440 728 294 407 713 412 504 326 284 635 -
X 0 506 563 843 356 467 316 672 174 407 601 397 520 350 267 464 60.8
Flaminge X 4 574 631 1032 417 560 396 751 239 441 T45 424 556 365 308 686
X 32 578 616 1138 523 651 498 754 310 453 868 422 556 379 335 700
— 544 802 1433 479 763 572 614 468 354 1387 367 752 547 252 791
rrsota Y (34] [140] (124] (28] (153] [65]  [150] [S1]  [135] [132]  [128] (79] (137]  [129]  [62]
(X) (10K) (444K) (500K) (27K) (S00K) (20K) (30K) (130K) (6K) (10K) (46K) (123K) (20K) (38K) (9K)

Table 1: Comparison to the state of the art. A single Flamingo model reaches the state of the art
on a wide array of image (I) and video (V) understanding tasks with few-shot learning, significantly
outperforming previous best zero- and few-shot methods with as few as four examples. More
importantly, using only 32 examples and without adapting any model weights, Flamingo outperforms
the current best methods — fine-tuned on thousands of annotated examples — on seven tasks. Best

few-shot numbers are in bold, best numbers overall are underlined.
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Experiments and Results

Fine-Tuning Performance

Method VQAV2 COCO | VATEX VizWiz MSRVTTQA VisDial YouCook2 TextVQA HatefulMemes
test-dev  test-std test test test-dev  test-std test valid | test-std valid valid | test-std test seen
% 32 shots 67.6 - 113.8 65.1 49.8 - 31.0 56.8 - 86.8 36.0 - 70.0
“ Fine-tuned 82.0 82.1 138.1 84.2 65.7 654 47.4 61.8 59.7 118.6 57.1 54.1 86.6
SotA 81.37 81.37 149.67 81.47 57.21 60.67 46.8 752 7547 138.7 54.7 73.7 84.67
[133] [133] [119] [153] [65] [65] [51] [79] [123] [132] [137] [84] [152]

Table 2: Comparison to SotA when fine-tuning Flamingo. We fine-tune Flamingo on all nine
tasks where Flamingo does not achieve SotA with few-shot learning. Flamingo sets a new SotA on

five of them, outperfoming methods (marked with ) that use tricks such as model ensembling or
domain-specific metric optimisation (e.g., CIDEr optimisation).
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Experiments and Results

Ablation Study

Ablated Flamingo-3B  Changed Param. Step | COCO OKVQA VQAv2 MSVDQA VATEX | Overall
setting original value  value count | timel | CIDErf topl?t top1? topl1 CIDErt | scoret
Flamingo-3B model | 32B  1.74s | 865 42.1 55.8 36.3 534 | 707
w/o Video-Text pairs 320B 1425 | 842 430 53.9 34.5 460 | 673
. . w/o Image-Text pairs 32B 0955 | 663 39.2 51.6 32.0 416 | 609
) Triningdata  All data Image-Text pairs— LAION | 32B  174s | 79.5 414 535 339 476 | 664
wlo M3W 32B  1.02s | 54.1 36.5 527 31.4 235 | 534
(if) Optimisation Accumulation  Round Robin | 3.2B 1.68s | 76.1 39.8 52.1 332 40.8 | 62.9
(ili) Tanh gating v X | 32B 1.74s | 784 40.5 529 359 475 | 665
(iv) Cross-attention GATED VANILLA XATTN 2.4B 1.16s 80.6 41.5 534 329 50.7 66.9
V) architecture ~ XATTN-DENSE  GRAFTING 33B  1.74s | 792 36.1 50.8 322 478 | 63.1
Cross.attention Single in middle 20B  087s | 715 38.1 50.2 29.1 423 | 598
(V) grossan Every Every 4th 23B  1.02s | 823 42.7 55.1 34.6 508 | 688
quency Every 2nd 26B 1245 | 83.7 41.0 55.8 34.5 49.7 68.2
(i) Rosampler Perceiver MLP 32B 1855 | 786 422 547 352 447 | 666
P Transformer 3.2B 1.81s 83.2 41.7 55.6 31.5 48.3 66.7
s CLIP ViT-L/14 3.1B 158 | 765 416 53.4 332 445 | 649
(vii) - Vision encoder  NENet-F6  Npner.Fo 29B 1455 | 738 405 28 311 429 | 627
. X (random init) 30B 2425 | 748 31.5 45.6 26.9 501 | 57.8
(viii)  Freezing LM v/ X (pretrained) 32B 242 | 812 337 474 31.0 539 | 627

Table 3: Ablation studies. Each row should be compared to the baseline Flamingo run (top row).
Step time measures the time spent to perform gradient updates on all training datasets.
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Limitations

Functional Limitations Practical Limitations

- Hallucinations (Q) - Text interface inconvenient for some
. Poor generalization for long tasks
- EXxpensive to train

sequences
- Worse than contrastive models in B
classification g = | —_—
= J| Question: What is on the phone || Question: What can you see out || Question: Whom is the person
screen? Answer: the window? Answer: texting? Answer:
- Sensitivity to examples =
;? A text message from a friend. A parking lot. The driver.
a

Q: Is the model simply inferring answers through the prompts without using images? GI' grggigia%



Limitations

Learning new task or identifying trained task?

100.0% -
a
- Performance plateaus as number of examples ¢ —o
€ 90.0% A
reach 32 S
L. . . a 80.0% A
- Non-trivial performance without images (Q) o
. . E —8— Flamingo-80B
- Examples may be locating task in memory (Q) 2 70.0% Flamingo-9B
(@) .
“Task Location” [8] < Flamingo 3B
60.0% . .
0 4 8 16 32

Number of shots

Q: Is the model learning a new task at inference or just identifying a task learned during training?

Q: Is it possible that the model’s success is just due to the capabilities of the LM? Gl" Georgia

Tech.
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Strengths

Accessibility Reusability
- Few-shot task learning - Repurpose pretrained frozen models
. Chat interface « Practical and environmental benefits

- Non-expert use - New modalities can be introduced

* Handles open-vocabulary prompts - Only used 5 datasets for design

- Explainability and interpretability decisions

Coloris "Black” andit
e ®
Well done! Do you What is the
know the name of between two
the test these images ages?
come from? (o) £ ®
i I think it the The fi trian-
o Siion P Swoopte gle and the second one
1s the dog running? (™ isahexagon.
How about the nearest o Yos caplle bo
@™ No,it's sitting. park? e ® Which one has larger -
internal angles? ) e or 1 a
Can you describe the e nearest is Humans are  slower
pose of its back legs? A Bryant Park. when the color of tho The hexagon has
word and the color of (™ largerintemal angles.
. . [P the word are different.
The back legs are bent There is another sign. )
and the dog is sitting ‘What docs it say? © | | Howssowyow 5} What color are they? €9 6 5
™ its haunches.

(> Itsays"Oneway". S :h:“m;“ el (P They are both red.




Weaknesses

Performance Dependencies
Weights of mixture dataset
Large model size and large

pretraining dataset size

Minor Issues
Lack of detailed settings on
downstream tasks, e.g. will <image>

token also cross-attend to visual

conditions?
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Tech. .

6



67

Please do the reading and paper reviews!
First one due Monday Sept 1 11:59pm
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