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Premise - Large Language Models

e Whatis a Large Language Model? (LLM)

Large Language Model

|

Text Prompt

Chinchilla [1]
70 BILLION Parameter

“What will be my grade in SIDNN?”  ——
.. small Model

Tokenize

|

Virtually endless data
(1.4 Trillion tokens)

“‘What is SIDNN?”

[1] Hoffmann, J., Borgeaud, S., Mensch, A., Buchatskaya, E., Cai, T., Rutherford, E., ... & Sifre, L. (2022). Training compute-optimal large language models. arXiv preprint arXiv:2203.15556.
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Premise - Large Language Mod

ETH:zirich

Examples

"Explain quantum compating in
simple terms” -

“Got any creative ieas for 2 10
year old’s birthday?™ -

"How do | make as HTTP
reguest In Javascript?® -

els

ChatGPT

4

Capabilities

Remembers what wser said
carlier in the conversation

Allows user to provide follow-wp
corrections

Trained to decline mappropriate
requests

A

Limitations
May occasionally generate

incoerect infoemation

harmiful instructions or biased
content

Umited knowledge of world and
events after 2021

18.04.2023



Premise - Flamingo
e What is Flamingol4? %

Visual Features A language model

_ [

[.a visua/ly—conditionedlautoregressive text generation model] able to ingest a sequence of
[ text tokens interleaved with images and/or videos, and produce text as output]’.

\

Multi-Modal prompt

[2] Alayrac, J. B., Donahue, J., Luc, P., Miech, A., Barr, |., Hasson, Y., ... & Simonyan, K. (2022). Flamingo: a visual language model for few-shot learning. Advances in Neural Information Processing Systems, 35, 23716-23736.
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Premise - Visually Conditioned Large Language Models

e How LLMs can gain the ability to see?

Visual Text Prompt

Compute

« N \

)
)

Large language Model

Tokenize
[Visual Encoder}
Visual Features

— J

“What is this image?”

|

“A picture of super excited students.*

E'HZUI’/Ch 18.04.2023



Premise - Example

Visual Text Prompt *Visually Conditioned LLM
(Flamingo)

“Describe me this image.” \ /

* Deployed the re-implementation from htips./qithub.com/dhansmair/flamingo-mini.
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https://github.com/dhansmair/flamingo-mini

Premise - Example

Visual Text Prompt

Blip-28], 2023, SOTA.

*
Image [ Q-Former P - TTTT T T T T T T T T T s T T TS I
Syeered | Querying Transformer 1 “A group of people sitting at desks
1 f : in a classroom” :
Text e e e e e e e e e e e e = f
Queries

“Describe me this image.”

[3] Li, J., Li, D., Savarese, S., & Hoi, S. (2023). Blip-2: Bootstrapping language-image pre-training with frozen image encoders and large language models. arXiv preprint arXiv:2301.12597.
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Premise - Advanced Example

Lets have some fun!, Visual - Question Answering (VQA).

Blip-2

%

Image

Q-Former
Querying Transformer
f f

Text

Queries

>

Encoder

“Too many”

ETH:zirich


https://replicate.com/salesforce/blip

Motivation

e LLMs are very expensive to train.
e No intuitive expansion support.
o How to not forget?

e [t is expensive to train. Really..

“...training BERT on GPU is
roughly equivalent to a trans-American flight.**!

Model Hardware Power (W) Hours kWh-PUE Cloud compute cost
Transformery,,. P100x8 1415.78 12 27 $41-$140
Transformer;, ~ P100x8 1515.43 84 201 $289-$981

ELMo P100x3 517.66 336 275 $433-$1472

BERT; . V100x64 12,041.51 79 1507 $3751-$12,571

BER Y6 TPUv2x16 — 96 — $2074-$6912

NAS P100x8 151543 274,120 656,347 $942,973-$3,201,722
NAS TPUv2x1 — 32,623 - $44,055-$146,848
GPT-2 TPUv3x32 — 168 — $12,902-$43,008

[4] Strubell, E., Ganesh, A., & McCallum, A. (2019). Energy and policy considerations for deep learning in NLP. arXiv preprint arXiv:1906.02243.
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Motivation

e LLMs require huge amount of data.
o This data can be found as text (Massive Text ®))! But not for images.
o 1.4 Trillion vs ~ 1.8 billion.

e ALIGNDP! dataset 1.8 billion images paired with text but noisy!

e A gap in the literature exists for videos!

[5] Rae, J. W., Borgeaud, S., Cai, T., Millican, K., Hoffmann, J., Song, F., ... & Irving, G. (2021). Scaling language models: Methods, analysis & insights from training gopher. arXiv preprint arXiv:2112.11446.
[6] Jia, C., Yang, Y., Xia, Y., Chen, Y. T., Parekh, Z., Pham, H., ... & Duerig, T. (2021, July). Scaling up visual and vision-language representation learning with noisy text supervision. In International Conference on Machine
Learning (pp. 4904-4916). PMLR.
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Contributions

e A way to combined interleaved images and text
o Gated cross-attention module

e A unique perceiver architecture with fixed output.

o Perceiver sampler _
The Flamingo Model

e Evaluation and ablation output: text
Pretrained and frozen "
. @3‘ a very serious cat. ‘
Trained from scratch
| | ————

] n-th GATED XATTN-DENSE
Perceiver Perceiver !

Scatdl Ml N

1st GATED XATTN-DENSE

I

Processed text

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

Interleaved visual/text data

This is a very cute dog.@ This is

E'HZUI’/Ch 18.04.2023 11



Related Work

CLIP!" CM3EE]
e Close-ended task superiority. e Big model 24 days on 384 A100s
e Trained from scratch. e Multimodal & Unimodal tasks.
e \ery good zero-shot, few-shot e Directly works on HTML.
performance. ’ e Can output images.
“Complete”
Blue <EO0S>
VLKD! Frozen!'" (DeepMind, 2021) L1
e Visual-Language Knowledge Dist. e Image - conditioned St e ’
e Efficient and compact. prompt learning.
e Similar results to Flamingo e A good few-shot learner. LT [T[ )
' e Goal: generalizability — —
Visual }’E)r:SOtIV}I:aet?ogne Visual Encoder Embedder

Language
Model

Language >
Model

| Question:
% What colour
P is the car?
Answer:

[ Pre-trained Language Model ]

[7] (CLIP) A. Radford et al., "Learning transferable visual models from natural language supervision", ICML (2021)
[8] (CM3) A. Aghajanyan et al., "CM3: A Causal Masked Multimodal Model of the Internet", arxiv (2022)

[9] (VLKD) Dai, W., Hou, L., Shang, L., Jiang, X, Liu, Q., & Fung, P. (2022). Enabling multimodal generation on CLIP via vision-language knowledge distillation. arXiv preprint arXiv:2203.06386.
[10] (Frozen) M. Tsimpoukelli et al., "Multimodal few-shot learning with frozen language models", NeurlPS (2021)

E'HZUf'iCh 18.04.2023
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Method - Introduction

e Goal: Provide LLMs ability to see.
o Convert LLM to VLM.

e Key ideas:
o Extend a frozen Pre-trained Language Model.
Reducing visual input to a fixed number of tokens with Perceiver Sampler.

O
o Cross attention layers to visually condition LLM.
o Training on a different types of data.

E'HZUFiCh 18.04.2023 13



Method - Introduction

Flamingo ;

. Pretrained and frozen Qe et Flamlngo
a very serious cat. | e e e e e e e e e e e e e
Trained from scratch ’ ‘ : :
| ) [— n-th GATED XATTN-DENSE : %’?’ :
pEeetven|  Nhenceite — Image | | vision Perceiver LV !
R 1st GATED XATTN-DENSE | Encoder Sampler Il :
Processed text I I :
| <image> This is a very cute dog.<image> This is | : :

Interleaved visual/text data

This is a very cute dog.E This is
|

Text Tokens

E'HZUI"/Ch 18.04.2023 14



Method - Introduction

e Multiple Models are Recycled.

NFNet-F6!"

435M Param.
+

BERT!"!

\

o

¢

A
| Chinchillal"

70B Param.

Vision Perceiver
Encoder Sampler
~Perceiver!3!
architecture

[11] Brock, A, De, S., Smith, S. L., & Simonyan, K. (2021, July). High-performance large-scale image recognition without normalization. In International Conference on Machine Learning (pp. 1059-1071). PMLR.
[12] Devlin, J., Chang, M. W., Lee, K., & Toutanova, K. (2018). Bert: Pre-training of deep bidirectional transformers for language understanding. arXiv preprint arXiv:1810.04805.
[13] Jaegle, A., Gimeno, F., Brock, A., Vinyals, O., Zisserman, A., & Carreira, J. (2021, July). Perceiver: General perception with iterative attention. In International conference on machine learning (pp. 4651-4664). PMLR.

ETH:zirich
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Method
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Image

Faae

Visual

Encoder

-

Y

Perceiver
Sampler

Text Tokens

18.04.2023
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Method - Visual Encoder

Perceiver \

> Y
Sampler TN I“’\H

Text Tokens

e VLM needs text-conditioned Visual tokens.

X, SRR

Visual Encoder
(NFNet-F6!')

Visual Tokens

E'HZUI"/Ch 18.04.2023 17



Method - Visual Encoder

e The NFNet-F6 architecture is from Normalizer-Free ResNet.

ETH:zirich

ImageNet Top-1 Accuracy (%)

87

®
o

®
v

©
S

-}
w

]
N

)
-

80

Lambdafet-152

/
/
’

1 DelT.-2,24
¥* BoTNet-59
1

I
1
!
1
I
'

JEffNet-B2

Fa NFNet-F5

F3 ————

BoTNet-128-T7

o o ®DelT-384

"LambdaNet—420 EffNet.B7

T T
0.0 0.2 0.4

T T T T
0.6 0.8 10 1.2

T
14

NFNet-F6

<

Training Latency (s/step) on TPUv3, Batch Size per Device = 32

18.04.2023
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Method
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Image

Faae

Visual

Encoder

-

Y

Perceiver
Sampler

Text Tokens

18.04.2023
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Method - Perceived Sampler

Visual : Perceiver L Vil
Encoder Sampler : I

Text Tokens

e Latent queries:

o Most important part of the data. Perceiver Resampler ] ‘ | [ I
o Model learns what to extract. X_num layers ____________......ll IR0 e
. : . . : : FFW
e No explicit spatial grid position encodings. ; 1
e Nb of Output tokens = Nb of latent queries. I K=v=[XA'§]tenAr fl o Fosini
| X

___________________

Learned
latent
queries

E'H Z Ul’ I Cc h 18.04.2023 20



Method
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Image

Faae

Visual

Encoder

-

Y

Perceiver
Sampler

Text Tokens

18.04.2023
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Perceiver = VU\H

Sampler

Method - Gated Cross attention Layers . ,/

Text Tokens

e Gated cross-attention blocks
o Text conditioning on visual representations.

e Integrate new skills to LLMs without forgetting.
o Tanh gating.

Vision X ’ } y Language
input input

E'HZUI’/Ch 18.04.2023 22




Attention tanh gain

Method - Gated Cross attention Layers

_____________

Visual Perceiver

Encoder Sampler

___________

Text Tokens

e
1
1
1
1
:
1
L y e NS e
—2 1.0 —2
— 3 —3
— 4 —a
== 08 — 8
o — 6 — 6
e ==l e — 7
—r == — 8 e~ —
25 - ,f/ " gos— — 9
P 5 — 10 e — 10
—_— 11 —_— 11 o N
G2 § —_12 K=V=[Y] \\‘
—13 i —_— 13 \\
— 14 E o4 — 14 S t
—_ 15 — 15 \ tanh gatin
— 16 L — 16 e
= 02 d S FFW
— 18 —_— 18
—_— 19 -—_ 19
— — S——
T T T T 1 21 T T T T 1 21 i
0.2 0.4 0.6 0.8 1.0 22 ! 0o 0 0.2 0.4 06 0.8 1.0 22 Ya“h s:atms
Training progress 33 Training progress 32 cross attention
(a) Attention tanh gating (b) FFW tanh gating. oy 0 N TEREELL L b ponamoudyn SR Loy
1
A . 1
: Visual x ,
1 1
: + Language
| |
1 1
S 1
ETH:zurich 18.04.2023 23



Method - Interleaved Visual / Text data support

Cute pics of my pets!

My puppy sitting in the

Visual Perceiver J
Encoder Sampler T
. ] Text Tokens
e How to link interleaved multi-modal prompts?
Masked cross attention
K=V=[X]
1 A - |
) EEEE 5 m B
t t
grass. IS O e A A A Y
Qb 8 8 @ © 6 88 8 1 1 11 1 1 10 A D R | R 2 i 2 2 2 2 2 - Vision
Encoder

My cat looking very
dignified.

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

f

tokenization

!

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

Input webpage ——— Processed text: <image> tags are inserted and special tokens are added Image 1

ETH:zirich

¢ :|1,L] — |0, N]

18.04.2023

Image 2
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Method

ETH:zirich

Image

Fa

Visual

Y

Encoder

o

Y

Perceiver
Sampler

Text Tokens

18.04.2023
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Method - Training Flamingo Models

e Pre-processing & augmentation
o Random flips, Increased resolution, Color augmentation
o Random text links 50% probability.
o 8 frames are sampled from training videos.

“A cool cat next to a building”

ETH:zirich

18.04.2023
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Method - Training Flamingo Models

e Abig chunk is coming from frozen LLM. (Chinchillal’)

e Vision encoder (NFNet-F6) and Perceiver Resampler are same for all.

Requires Frozen Trainable Total

model sharding | Language Vision | GATED XATTN-DENSE Resampler | count

Flamingo-3B X 1.4B 435M 1.2B (every) 194M | 3.2B
Flamingo-9B X 7.1B  435M 1.6B (every 4th) 194M | 9.3B
Flamingo v 70B  435M 10B (every 7th) 194M | 80B

E'HZUf'iCh 18.04.2023



Method - Training Datasets

e Different data types

Dataset
Long Text & Image Pairs (in-house)
ALIGN®!
MultiModal MassiveWeb(M3W)

Video & Text Pairs (VTP)

ETH:zirich

What Data?
312 million Image and text pairs
1.8 billion images paired with alt-text
Massive Web dataset, multimodal

22 million short videos with paired text

Property
better quality and longer descriptions
Relatively noisy pairs.
MASSIVE, some ambiguous links

On average 22 seconds

18.04.2023
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Method - Data Deduplication

e LTIP and ALIGN are deduplicated (M3W and VTP Not!).

ETH:zirich

Datasets (EVALUATION)
ImageNet
COCO
OK-VQA
VQAvV2
Flickr30k
VisDial
VizWiz
HatefulMemes

TextVQA

N\

X | X| X

Is deduplicated against?

Used for?
(train, valid)
(train, valid, test)
(train, valid, test)
(train, valid, test)
(valid, test)
(valid, test)
(test)

(test)

(test)

18.04.2023
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https://www.symbolcopy.com/cross-symbols.html
https://www.symbolcopy.com/cross-symbols.html
https://www.symbolcopy.com/cross-symbols.html

Method - Training Flamingo Models

e Possible input combinations:

This is an
image of a
flamingo.

4

A kid
doing a
kickflip.

This is a
picture of
my dog.

This is a
picture of

my cat.

Image-Text Pairs dataset

ETH:zirich

Video-Text Pairs dataset

Multi-Modal Massive Web (M3W) dataset

18.04.2023
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Method - Training Flamingo Models

e Optimizer: AdamWw!'4]
e Linear-warm up followed by a constant learning rate.

e Dataset mixture weights:

Dataset Weight Paramater Value
M3W 1.0 Weight Decay* 0.1
LTIP 0.2

Learning Rate 107-4

VTP 0.03 *: No weight decay for

ALIGN 0.2 Perceiver Resampler

[14] Loshchilov, I., & Hutter, F. (2017). Decoupled weight decay regularization. arXiv preprint arXiv:1711.05101.

ETH:zirich

18.04.2023
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Method - Training Flamingo Models

e Loss function
o Weighted sum of per-dataset expected negative log-likelihoods of text, given the visual
inputs.

M - 7 _
Z Am B y)~p,, |~ Zlogp (e | y<e, v<p)
m=1

LT

The weights we Tex Input Visual Inputs
discussed

E'HZUfiCh 18.04.2023 32



Method - Ready for Evaluation!

Bring it on!

E'HZUFiCh 18.04.2023 33



Evaluation - Established Methods

e Close-Ended Tasks: Response from a pre-defined space.
o Text after the query image is used.

o Final Selection: Beam search.

o ex. Classification
m Zero-shot
m Few-shot

e Open-Ended Tasks: Without a pre-defined response space.
o Final Selection: log-likelihood

o ex. VQA, Open-ended dialog.
o Zero or Few-Shot Generalization, new task learning

E'HZUFiCh 18.04.2023 34



Evaluation - Few-shot Classification

e RICES (Retrieval In-Context Example Selection)

e Flamingo is not trained with a contrastive loss.

o Requires well distributed training data.

ETH:zirich

g ImageNet  Kinetics700
Model Method Prompt size shots/class top 1 avg top1/5
SotA Fine-tuned full 91.0 m 89.0
SotA Contrastive - 0 85.7 69.6 el
NFNetF6 Our contrastive - 0 77.9 62.9
8 1 70.9 55.9
Flamingo-3B RICES 16 1 71.0 56.9
16 5 727 58.3
8 1 71.2 58.0
Flamingo-9B  RICES 16 1 Z1.7 59.4
16 5 75.2 60.9
Random 16 < 0.02 66.4 51.2
8 1 71.9 60.4
Flamingo-80B RICES 16 1 71.7 62.7
16 5 76.0 63.5
RICES +ensembling 16 5 77:3 64.2

18.04.2023
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Evaluation

e Superior in 6 tasks
o Zero-shot, Few-shot image understanding.

Effect of Number of Shots

SotA Comparison

|
|

NextQA f =
voa {37 (e _—
Flick30K - e e
STAR A 107%. 115% #
MSVDQA - 73%- 109% -|
OKVQA - 0% 106% ;
HatefulMemes - 88%]]| 193% —_—l
} 1
VizWiz E E
] 1
VATEX | |
voavz {___ 4s%[easa | i
. 1
coco 27 wem [T INOC (80B) {  Flamingo (80B)
e = : H = 32 shots
VisDial -@_ Previous i
[ zero/few-shot i |l 8 shots
TextvQA-{ NG00 SotA { 3 0shots
MSRVTTQA{ _ 41%J66%4 | E
[} 1
YouCook2 {6206 i i
0% 50% 100%  150% 50% 75% 100% 125% 150%

Performance relative to Fine-Tuned SotA

ETH:zirich

Effect of Model Scale

|

|

—
-

|

I

|

32 shots
[ Flamingo (80B)
[ Flamingo-9B
[ Flamingo-3B

s

50% 75% 100% 125% 150%

18.04.2023
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Evaluation - Open Dialog

This is an apple with a sticker
(™ Jon it.

What does the sticker say? ©

(| The sticker says "iPod".|

Where is the photo taken? &

It looks like it's taken in a
(> backyard.

Do you think it is printed or
handwritten? &

(™ It looks like it’s handwritten.
What color is the sticker? ©
™ It's white.

E'H Z Ul’ I Cc h 18.04.2023 37



Evaluation - VQA

e Text Completion and VQA Prompts

)
=
=
&
a®
=
=
"~ J | Question: What is odd about
this image? Explain why it is | | The ingredients of this dish are
unusual. Answer:
4 > W ™
§ The image is odd because
© || the elephant is in the back
g- of the truck. It is unusual : beef, potatoes, carrots,
5 | | because elephants are not broccoli, and lemon.
O || usually transported in the
& back of a truck.
e

18.04.2023 38
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Evaluation - Few Shot Generalization

e Examples are highly important.
o Known to have example bias: the last example has to be good and relevant.

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

Support examples Query

Elephants
walking in
the savanna.

A cat wearing
sunglasses.

[
<B0S><image>0Output: A cat wearing sunglasses.<EOC><image>Output: Elephants walking in the savanna.<EOC><image>Output:

Processed prompt

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

Support examples Query

What's
the cat sunglasses
wearing?

What is on
the water?

How many
animals?

1 1
<B0S><image>Question: What's the cat wearing? Answer: sunglasses<EOC><image>Question: How many animals? Answer: 3<EOC><image>
Question: What is on the water? Answer:

Processed prompt

E'HZUI’/Ch 18.04.2023
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Evaluation - Few Shot Generalization

e OQOutperforms pre-trained SOTA in some cases.

e 1 Shot, 1 Performance

: € g B € 2 £ 8 g & &8 3 £ @€
Method  FT Shot O % S g B g g E oz : = z o 9 = 2
(o4 o > N S > Q = @ - = = )
¢ = © B 5§ F g B % § ¥ & gE @ §F 4
= a»
; . 341 (114 [124] 58] 58] [135] %3] 119 85] 185
gﬁg(’s”g& X 433 382 322 352 - - . 192 122 - 394 116 . - 661 407
i X) (16) (@) (0) (0) ©) () (0) (0) ©) (0
X 0 412 492 T30 275 401 289 606 110 327 3558 396 461 3001 213 537 534
Flamingo3B X 4 433 532 80 330 500 340 720 149 357 646 413 473 327 24 536 -
X 32 459 571 990 426 592 455 712 256 317 767 416 473 306 261 563 -
X 0 447 518 794 302 395 288 615 137 352 550 418 480 318 230 570 579
Flamingo-9B X 4 493 563 931 362 517 349 726 182 377 708 428 504 336 247 627 -
X 32 510 604 1063 472 5714 440 728 294 407 713 412 504 326 284 635 -
X 0 506 563 843 356 467 316 672 174 407 601 397 520 350 267 464 608
Flaminge X 4 574 6.1 1032 417 560 396 751 239 44l 745 424 556 365 308 686 -
4 X 32 578 676 1138 523 651 498 754 310 453 868 422 556 379 335 700 -
Pratiainad 54.4 80.2 143.3 47.9 76.3 ST2 67.4 46.8 354 138.7 36.7 75:2 54.7 252 79.1
F1 \"()'l’»\ v [34] [140] 124 28] [153] [65] [150] [51] 135] 132] [128] [79] [137] [129 [62] &
. g (X) (10K) (444K) (500K) (27K) (500K) (20K) (30K) (130K) (6K) (10K) (46K) (123K) (20K) (38K) (9K)

ETH:zirich
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Evaluation - Zero Shot Generalization

e Prompt engineering is important.

o The way you present the question matters.

Flickr30K COCO
image-to-text text-to-image image-to-text text-to-image
| R@1 R@5 R@10 R@1 R@5 R@10 | R@1 R@5 R@10 R@1 R@5 R@10
Florence 90.9 99.1 - 76.7 93.6 - 64.7 85.9 - 47.2 714 -
ALIGN 88.6 98.7 99.7 75.7 93.8 96.8 58.6 83.0 89.7 45.6 69.8 78.6
CLIP 88.0 98.7 994 68.7 90.6 95.2 584 81.5 88.1 37.7 624 72.2
Flamingo \ 89.3 98.8 99.7 79.5 953 97.9 65.9 87.3 929 48.0 73.3 82.1

ETH:zirich
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Evaluation - Video / Text Input

e \Videos are sequence of single images.

ETH:zirich

Input Prompt

o\

7 Completion

The dachschund puppy
is being weighed on a
scale.
(. J
[ B r
A sword.
& ) S —
e ——J - ~
i ‘[ - [ »»- @ .- | - ’ - | - | -
= s | o— = B | - - The object is a small
- 3 - -~ o ~ | . | N )
. ~ k ~ B .‘ k ~ B < L, ~ [¥s ] ~ it
il e L o il = e il i e o
Question: What is the object being lifted? Answer:
\E J  ——————
s N e
A scissors, a pen, and a
rubber band.
Question: What are the three objects in this video? Answer:
.
@ = -
Fj J LjL r B —
! E_
Question: What is written here? Answer:
J e )
A G
he falls down.
What happens to the man after hitting the ball? Answer:
LG J - —eeeeeon

18.04.2023
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Ablation Studies

e Ablation study on Flamingo-3B Model.

Ablated Flamingo-3B Changed Param.  Step COCO OKVQA VQAv2 MSVDQA VATEX | Overall
setting original value  value count | time | | CIDErt topl? topl T topl T CIDErt | scoref
Flamingo-3B model | 32B 1745 | 86.5 42.1 55.8 36.3 534 | 707
w/o Video-Text pairs 32B  142s | 842 43.0 53.9 345 46.0 67.3
i Tetutnodin A w/o Image-Text pairs 32B 0.95s 66.3 39.2 51.6 32.0 41.6 60.9
| e s Image-Text pairs— LAION | 32B  1.74s | 795 414 535 339 47.6 66.4
r__________________w/QM3!V _________ 328 _ 102 |_ 54l _ 365 _ _ 927 __ _3l4_ _ _ B2 _| B4 _
| (i) Optimisation Accumulation  Round Robin | 3.2B 1.68s | 76.1 39.8 52:1 33.2 408 | 629
S ST TR GtRg — s T T T T T T X-———-=—-=-—- IR T TS| 84T T 405 T T SZYT T T 3SD T T TS T|T 665
(iyy Cross-attention GATED VANILLA XATTN 24B  1.16s | 80.6 415 53.4 32.9 50.7 66.9
architecture XATTN-DENSE  GRAFTING 33B 1.74s | 792 36.1 50.8 322 478 63.1
B ; Single in middle 20B  0.87s | 715 38.1 50.2 29.1 423 59.8
Cross-attention =
v) frcq“u“cnc; Every Every 4th 23B  1.02s | 823 427 55.1 34.6 50.8 68.8
Every 2nd 26B 124s | 83.7 41.0 55.8 34.5 49.7 68.2
i) Resamplir Pbcdinr MLP 32B  1.85s | 78.6 422 54.7 35.2 44.7 66.6
P Transformer 32B  1.8ls | 832 41.7 55.6 31.5 483 66.7
i . CLIP ViT-L/14 3.0B  1.58s | 76.5 41.6 53.4 33.2 44.5 64.9
(Y1), “Vimonemcoder IHENetFe NFNet-FO 29B  145s | 738 40.5 528 31.1 429 62.7
. X (random init) 32B  242s | 7438 315 45.6 26.9 50.1 57.8
(i), ‘BeeringIM: ¥ X (pretrained) 32B 2425 | 812 337 474 31.0 53.9 62.7
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Ablation - Dataset Combining Strategy

e Data merged: Merging examples from each dataset.
e Round-robin!™!: Alternate examples from each dataset.

e Accumulation: The gradients from each dataset are weighted and summed.

Dataset Combination ImageNet COCO
strategy accuracy image-to-text text-to-image
top-1 R@] R@5 R@10 R@l R@5 R@IO

LTIP None 40.8 386 664 764 3.1 574 684
ALIGN None 352 322. 588 T06 237 417 594
LTIP + ALIGN  Accumulation 45.6 42.3 683 784 315 583 69.0
LTIP + ALIGN  Data merged 38.6 369 658 7635 152  40.8  55.7
LTIP + ALIGN Round-robin 41.2 40.1 6.7 T16 29.2 55.1 66.6

Bigger but more noisy.

5x Smaller, higher in quality.

[15] Jaemin Cho, Jie Lei, Hao Tan, and Mohit Bansal. Unifying vision-and-language tasks via text generation. In International Conference on Machine Learning, 2021
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Ablation - Additional

e Additional studies

Ablated Flamingo 3B Changed Param. Step COCO OKVQA VQAv2 MSVDQA VATEX | Overall
setting value value count | time | | CIDErt topl?T topl? topl T CIDErt | scoret
Flamingo 3B model (short training) | 3.2B 1.74s | 86.5 42.1 55.8 36.3 534 | 707
@) Resampler i Small 3.1B 1.58s 81.1 40.4 54.1 36.0 50.2 67.9
size Large 3.4B 1.87s 84.4 42.2 54.4 35.4 514 69.0
(- (i) _MultizImg att_ _ _ _QnlyJast_ _ _ _ _ Allprevious — — — — — — _ J-_32B_ _L74s L 700 _ _409_ _ _ 520 ___321_ __ 468 _|_ 635 N
| i) p 05 0.0 3.2B 1.74s 85.0 41.6 55.2 36.7 50.6 69.6 !
| Preat i 1.0 3.2B 1.74s 81.3 43.3 55.6 36.8 52.7 704 |
\
~@vy T M preumimng T T T MassiveTest T T T4 T T T T T T T T T T T T T T T |=32B TS 1~ 813~~~ 344 T~ ATr T T 76007 T T 339 T[T 2% 7
) Bheediie Nidion v X (random init) 32B  4.70s* 74.5 41.6 2.7 314 35.8 61.4
g Ve X (pretrained) 32B  4.70s* 83.5 40.6 axl 34.6 50.7 68.1
(vi) Co-train LM X v (random init) 3.2B  5.34s* 69.3 29.9 46.1 28.1 45.5 55.9
on MassiveText v (pretrained) 3.2B  5.34s* 83.0 42.5 533 35.1 Sl 68.6
(vii) Dataset M3W+ITP+VTP LAION400M and CLIP 3.1B 0.86s 61.4 379 50.9 279 29.7 54.7
and Vision encoder and NFNetF6 M3W+LAION400OM+VTP and CLIP | 3.1B 1.58s 76.3 41.5 534 32:5 46.1 64.9
ETH:zurich 18.04.2023 45



Discussion - Limitations

e Inherits weaknesses of LLMSs.

o Hallucinations and ungrounded guesses.

o Fixed number of tokens.
o Bad sample efficiency.

ETH:zirich

[Input Prompt}

-

Question: What is on the phone
screen? Answer:

Question: What can you see out
the window? Answer:

A text message from a friend.

[ > Outputl

A parking lot.

18.04.2023
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Discussion - Limitations

e Limited Visual and language interface
o No visual context about the output prompt.

‘How many giraffe?” ‘37
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Conclusion

e A framework on how to extend LLMs -> VLMs.
o Cross-attention allows for VLM extension!

e Perceiver Sampler based fixed tokens successful!.
o Video input enabled!

e Data size matters.
o Data quality matters more.

e Could perform better than Fine Tuned SOTA!
e Direct inheritance of bad habits of LLMs

o Racism
o Hallucinations
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Output: text

- Pretrained and frozen

\Eﬂ a very serious cat.
Trained from seraten W ek
[ —

| —— n-th GATED XATTN-DENSE
Perceiver Perceiver :

Resanpler Resanpler C embleok

1st GATED XATTN-DENSE
-
Processed text ]

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

Interleaved visual/text data

This is a very cute dog.ﬂ This is
1

Thank you for listening!
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Appendix - Compute

e A big chunk is coming from LLM.
e \Vision encoder is same for all. (NFNet-F6)

Perceiver Resampler GATED XATTN-DENSE Frozen LM
D H Act. L D H Act. L D H Act.

L

Flamingo-3B | 6 1536 16 Sq.ReLU | 24 2048 16 Sq.ReLU | 24 2048 16 GelLU
6
6

1536 16 Sq.ReLU | 10 4096 32 Sq.ReLU | 40 409 32 GelLU

Flamingo-9B
1536 16 Sq.ReLU | 12 8192 64 Sq.ReLU | 80 8192 64 GeLU

Flamingo

L: Layers, D: Transformer Hidden Size, H: Number of heads
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Appendix - Training the Image Encoder

e Detalils:

ALIGN and LTIP datasets
Resolution: 288 x 288
Embedding Size: 1376
Adam Opt.

Gradient clipping

O O O O O

e Evaluation
o Zero-shot image classification -> Image-text retrieval

e Why use BERT?
o To be able to extract contextual features rather than pure geometric features.
o If trained with a LLM it generalizes better as a visual conditioner.
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Appendix - Training the Image Encoder

e Trained from scratch with BERT language encoder
o Text-to-image contrastive loss

exp (L,LTVLB) )

N
1
Lcon rastive:txt2im — T R~ 1
trastive:txt2 N ZL: og (Z;Vexp (LZTX/jﬁ)

o Image-to-text contrastive loss

o T
1 exp (VZ Liﬁ)
Lcon rastive:im2txt — T {7 1
trast 2txt Z og (Z;\; exp (V;TL]-B

Trainable inverse temperature
parameter

E'HZUFiCh 18.04.2023 53



Appendix - Visually Conditioned Large Language Models

e Examples are from Flamingo [2]

( Input Prompt J { ” Completion ]
] —
=
Output: Output: i " " =
"Underground” "CONGRESS x;' "Congress" Output:  —— Soulomes S
W
N
=
o
=
|
What happens to — | Question: What is the title of
the man after the book? Answer:
hitting the ball? gy
Answer: 2
(G
=
=
N
O
B
g The House Book.
o
@)
a
—
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