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Introduction

e Extending few-shot generalization to
multimodality.
e Foundational Visual Language Model (VLM) -
o ' Flamingo-80B, 9B, 3B.
o Classification, captioning, VQA.
e New SoTA on various benchmarks

o  Sometimes with 1000x lesser data*

What is the common thing
about these three images?

They are all flamingos.

What is the difference be-
tween these three images?

The first one is a cartoon, the
second one is a real flamingo,
and the third one is a 3D

(™ model of a flamingo.

©)

This is an apple with a sticker
on 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.
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Approach

. Pretrained and frozen

Trained from scratch

Qverview

Output: text

a very serious cat.

B T

Perceiver Perceiver
Resampler Resampler

n-th GATED XATTN-DENSE

1st GATED XATTN-DENSE
Processed text T

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

Interleaved visual/text data

This is a very cute dog. This is
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Approach Overview

Inference steps: s o
. Pretrained and frozen @‘ a very serious cat.
1. Perceiver Resampler: Receive spatio-temporal 2:;:;;12: pecoser | TR
features from an encoder & output visual tokens. - I —

Interleaved visual/text data ’

This is a very cute dogAﬂ This is
Il

2. Language Model: Conditioned with interleaved

cross-attention layers.

L
Likelihood of text y on preceding tokens xas p(y|z) = H P(Ye|y<e, x<r)

where L = number of tokens, p = Flamingo. =1
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Approach Visual Processing

e Vision Encoder:

o F6 NFNet pretrained using CLIP objective. @ 3x3>{3x3 Q
o Videos - encoded 1FPS, temporally
flattened before being processed. 0
e Perceiver Resampler: Table 1. NFNet family depths, drop rates, and input resolutions.
. . . Vari Depth D Trai T
o Receives a variable number of visual features, ant | Deph | Diwpouti| Teain | et
FO [1,2,6,3] 0.2 | 192px | 256px
H F1 2,4, 12, 6] 0.3 224px | 320px
fixed number (64) visual outputs. o e TE O] 04 | 250 | 3520n
. . e . F3 [4, 8,24, 12] 0.4 320px | 416px
o | Complexity of vision/text cross-attention. Bt | [510.30.151 | 05 | 384 | 5126
F5 [6, 12, 36, 18] 0.5 416px | 544px
|F6 [7, 14, 42, 21] 0.5 448px 576px\
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Approach LM + Visual Representations

o=yl

Vision Language
input input
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Approach LM + Visual Representations

e Text generation: Performed by a transformer

decoder, conditioned on text & Perceiver

Resampler outputs.

X —f—> GATED XATTN-DENSE

e Interleave frozen pretrained LM blocks with I A o
trained gated cross-attention dense blocks. | \ 1
o K&V from vision features; Q from LM inputs. ioput Y e

o Enables selective/dynamic attention to inputs

from different modalities.
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Approach Multi-visual Input

e Masking cross-attention: Model directly attends to

only immediately preceding image/videos.

e Dependency on previously seen visual inputs - LM I
self-attention. p(y|x) = H P(Yel|y<e, T<e)
e 5-shot training for interleaved datasets. /=1

e Generalizes well, up to ~32 shot during testing.
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Approach Multimodal Training

Trained on web-scraped datasets of 3 kinds: ‘
W:ic;cel 3 ;:T :Pcitsu rieS oaf
e MultiModalMassiveWeb (M3W) - 43M webpages. | " ,4‘ g 4

Trained up to first 5 images out of 256 random Milt-Modsl Mimsive Web (MY dataset

[N>1, T=1, H, W, C]

tokens on a document.

This is an

e Visual/Text pairs - ALIGN dataset of 1.8B images. | "/ doing

image of a
| kickflip. flamingo.
Augmented with Long Text Image Pairs (LTIP -
Video-Text Pairs dataset Image-Text Pairs dataset
312M) and Video & Text Pairs (VTP - 27M). [N=1, T>1, H, ¥, c] N, T=0 H, R OF

e Minimize a weighted per-dataset
L

— > logp(yely<e, z<e)
#. Sriram Sai Ganesh m=1 —1

M
negative log likelihood of text:



Ablations

e Comparisons with Image (I) and Video (V) SoTA. @ > SoTA on 7 or 12* of 16 datasets.

Experiments

Ablated Flamingo-3B Changed Param.  Step COCO OKVQA VQAv2 MSVDQA VATEX | Overall
setting original value value count | time ] | CIDErt topl T toplt toplt CIDErt | scoref
Flamingo-3B model | 32B  1.74s | 86.5 42.1 55.8 36.3 534 | 707
w/o Video-Text pairs 32B  1.42s 84.2 43.0 539 34.5 46.0 67.3
G Training dafa All data w/o Image-Text pairs 32B  0.95s 66.3 39.2 51.6 32.0 41.6 60.9
& Image-Text pairs— LAION | 3.2B  1.74s 79.5 414 535 339 47.6 66.4
w/o M3W 3.2B 1.02s 54.1 36.5 52.7 314 23.5 53.4
(ii) Optimisation Accumulation Round Robin | 3.2B 1.68s 76.1 39.8 321 332 40.8 | 62.9
(iii) Tanh gating v X | 3.2B 1.74s 78.4 40.5 52.9 35.9 4715 | 66.5
(iv) Cross-attention GATED VANILLA XATTN 2.4B 1.16s 80.6 41.5 534 32.9 50.7 66.9
architecture XATTN-DENSE  GRAFTING 3.3B 1.74s 79.2 36.1 50.8 322 47.8 63.1
T Single in middle 20B  0.87s 71.5 38.1 50.2 29.1 42.3 59.8
(v) freq\liency Every Every 4th 2.3B 1.02s 82.3 42.7 55.1 34.6 50.8 68.8
Every 2nd 2.6B 1.24s 83.7 41.0 55.8 34.5 49.7 68.2
i) R ) Puras) MLP 3.2B 1.85s 78.6 422 54.7 35.2 44.7 66.6
Vi) Resampler ereever Transformer 32B  1.81s | 832 41.7 55.6 315 48.3 66.7
o ;s CLIP ViT-L/14 3.1B 1.58s 76.5 41.6 53.4 33.2 44.5 64.9
Gdy Visomencoder  NENEL-EO NFNet-FO 29B 1455 | 738 40.5 52.8 31.1 029 | 627
(vili) Freezing LM v X (random init) 32B  242s 74.8 31.5 45.6 26.9 50.1 57.8
& X (pretrained) 32B 242 81.2 33.7 474 31.0 53.9 62.7




Experiments

e Results reported with in-context learning:

Flamingo (80B)
32 shots —

150% A —
125% -
100% A
75% -
50% -

25% A

Performance relative to FT SOTA

0% -

YouCook?2
MSRVTTQA -
TextVQA
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VizWiz
Hateful

Previous
zero/few-shot SotA

115

107

Memes
OKVQA -
MSVDQA -
STAR -

Flick30K

iVQA -

NextQA

Aggregated performance

Qverview

100.0% A
90.0% -
80.0% -
. —®— Flamingo-80B
7.0.0% 7 Flamingo-9B
Flamingo 3B
60.0% . .
0 4 8 16 32

Number of shots



Experiments FT-SoTA Comparison

-

e Comparisons with Image () and Video (V) SoTA. @ >SoTAon 7 or 12* of 16 datasets.
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341 [114] [124]  [58] (8] [135] [143] [79] 851 [85]
i‘;"sfgm X 433 382 322 352 - . N 192 122 - 394 116 - - 661 407

) xX) 6 4 0) 0) ) ) 0) 0) 0 O
X 0 412 492 730 275 401 289 606 110 327 558 39.6 461 30.1 213 53.7 534

Flamingo-3B X 4 433 532 850 330 500 340 720 149 357 646 413 473 327 224 536 -

X 32 459 571 99.0 426 592 455 712 256 377 767 416 473 306 261 563 -
X 0 447 518 794 302 395 288 615 137 352 550 418 480 318 230 570 579

Flamingo-9B X 4 493 563 93.1 362 517 349 726 182 377 708 428 504 336 247 627 -

X 32 510 604 1063 472 574 440 728 294 407 773 412 504 326 284 635 -
X 0 506 563 843 356 467 316 6712 174 407 601 397 520 350 267 464 60.8

Elamines X 4 574 631 1032 417 560 396 751 239 441 745 424 556 365 308 686 -

8 X 32 518 676 1138 523 651 498 754 310 453 868 422 556 379 335 700 -

el 544 802 1433 479 763 572 614 468 354 1387 367 752 547 252 791
rrsems, ¥ (34] (1401  [124] (28]  [153] (65|  [150] (S|  [135] [132] (128  (79]  [137] [129] (62| -
o (X) (10K) (444K) (500K) (27K) (500K) (20K) (30K) (130K) (6K) (10K) (46K) (123K) (20K) (38K) (9K)
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
“32shots 676 - 1138 651 498 - 31.0 568 - 86.8 360 - 70.0
 Fine-tuned 82.0 82.1 138.1 84.2 65.7 654 47.4 61.8 59.7 118.6 571 54.1 86.6

SotA  81.3F 81.37  149.67 81.47 57.27 60.67 46.8 752 7541 138.7 54.7 73.7 84.67




Limitations & Conclusion

e Inherits weaknesses of LMs
o Hallucination/random guessing. =
g
e Classification performance lags behind =
. 5
contrastive approaches &
— )| Question: What is on the phone || Question: What can you see out
o Not optimized for text-image retrieval screen? Answer: the window? Answer:
e Few-shot inference has several advantages, =)
o
but is sensitive to in-context examples. & | | &textmeasice Gomiadiiepd. Aparkinglot
a
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Thank you!

Questions?
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