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1 # Open the image file
----> 2 img = Image.open('/mnt/data/chicago.jpg')
4 # Resize the image

5 img_resized = img.resize((1920, 1080))

NameError: name 'Image' is not defined

BRXHTIC T SALERPythonE, HFEEETSAPythonfIEIGLEEPIL, 1LFHRIEIEX
MERHEFEI TG,

Finished working Hide work »
python O Copy code

from PIL import Image

img_resized = img.resize((

img_resized HELRBE RIS HFERKNEENT1920x1080, F MR, HBRFXIMER, ARG HHEE

RIMEE,
RESULT
Finished working Show work Vv

<PIL.Image.Image image mode=RGB size=1920x1080 at 0x7ECD244956D0>
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Background
Large Language Models (LLMs)
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Background

Large Language Models (LLMs)
 Large amount of text data
 Billions of parameters

 Extensive text related tasks

* Text summary
* Translation
 Emotional analysis

e Zero-shot and few-shot



Background

Employing LLMs on vision-related tasks?



Output Text

Surfing

Background

&h‘ Trained from scratch 27 Pretrained and frozen
i

Cross - Modality

‘q_’ Encoder
-
)
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n | | 6
Old-Style Pretraining : . .
Image Te.xt
Encoder Encoder
Q: What is the
dog doing?
[} . -
(1] E ,-"'/ COCO Visual Genome \\._
E 5 ? VQA GQA Visual7W ...
a o Q :‘-.‘\Millions of paired image/text samples/,/"
(1)) ‘ }

Maria Tsimpoukelli, Jacob Menick, Serkan Cabi, S. M. Ali Eslami, Oriol Vinyals, and Felix Hill. Multimodal few-shot 1,
learning with frozen language models. arXiv preprint arXiv:2106.13884, 2021.



Background

F roze n on the water
t ot ottt te
fo Language Model
Self Attention Layers # Frozen
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A small red boat

Maria Tsimpoukelli, Jacob Menick, Serkan Cabi, S. M. Ali Eslami, Oriol Vinyals, and Felix Hill. Multimodal few-shot -
learning with frozen language models. arXiv preprint arXiv:2106.13884, 2021.
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Frozen

Blue <EOS> Steve Jobs : <EOQS> This 1is a dax . <EO0S>
. . . . o -
T | ! T ! . I T |
Self Attention Layers Self Attention Layers Self Attention Layers
I [)

(L IIIIIIII ) [[“T[[[H[ ”[[[[I”“”['[ J [[HI[[“H HEEEA H[[[[I“H[H'HHH['[ J
Vision Text Vision Text Vision Text Vision Text Vision Text Vision Text
Encoder Embedder Encoder Embedder Encoder Embedder Encoder Embedder Encoder Embedder Encoder Embedder

, T ‘A A: [ T T . .
Question: Q: Who Q: Who This is a This is a Question:
what colour 1 invented invented dax. blicket. what is
is the car? ot this? A: this? A: this?
Answer: | The Wright Answer:

brothers.

(a) 0-shot VQA (b) 1-shot outside-knowledge VQA (c) Few-shot image classification

Figure 3: Inference-Time interface for Frozen. The figure demonstrates how we can support (a) visual
question answering, (b) outside-knowledge question answering and (c) few-shot image classification
via in-context learning.

Maria Tsimpoukelli, Jacob Menick, Serkan Cabi, S. M. Ali Eslami, Oriol Vinyals, and Felix Hill. Multimodal few-shot 1,
learning with frozen language models. arXiv preprint arXiv:2106.13884, 2021.
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Frozen

This person is This person is

This person

Model Completion

). <E0S>

Janssen.

like @& . like @. is like
This was invented - . - -
by Zacharias This was invented by n— This was

invented by

Model Completion

the Wright
brothers. <EO0S>

8 2 |
With one of these I With one of these I can %
can drive around a take off from a city and \"“ <~

track, overtaking o " fly across the sky to
other cars and taking somewhere on the other b
corners at speed side of the world 4 %

With one of
these I can

Model Completion

break into a secure
building, unlock the door
and walk right in <EOS>

Maria Tsimpoukelli, Jacob Menick, Serkan Cabi, S. M. Ali Eslami, Oriol Vinyals, and Felix Hill. Multimodal few-shot

learning with frozen language models. arXiv preprint arXiv:2106.13884, 2021.
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Frozen

Context

Model Completion

This was invented by This was invented by This was invented by - the Wright
Zacharias Janssen. Henry Ford. nd brothers.

Maria Tsimpoukelli, Jacob Menick, Serkan Cabi, S. M. Ali Eslami, Oriol Vinyals, and Felix Hill. Multimodal few-shot 1,
learning with frozen language models. arXiv preprint arXiv:2106.13884, 2021.
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}A‘ Trained from scratch } Pretrained and frozen

Background T
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Layer 'A
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LM Block

Frozen LLM
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LM Block 225

Frozen vision encoder el A\
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Flamingo: a visual language model for few-shot learning. In Alice H. Oh, Alekh Agarwal, Danielle Belgrave, and
Kyunghyun Cho (eds.), Proceedings of Advances in Neural Information Processing Systems, 2022.
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Flamingo %

Output: text

. Pretrained and frozen .
@ a very serious cat.

frained from seratch —

| T t n-th GATED XATTN-DENSE
Perceiver Perceiver :

S S S ek

i 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.

Flamingo: a visual language model for few-shot learning. In Alice H. Oh, Alekh Agarwal, Danielle Belgrave, and 16
Kyunghyun Cho (eds.), Proceedings of Advances in Neural Information Processing Systems, 2022.
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Flamingo %

def gated_xattn_dense(
y, # input language features
x, # input visual features

alpha_xattn, # xattn gating parameter — init at 0.

alpha_dense, # ffw gating parameter — init at @.
):
“""Applies a GATED XATTN-DENSE layer."""

# 1. Gated Cross Attention

tanh gating y = y + tanh(alpha_xattn) * attention(g=y, kv=x)
d

X ———  GATED XATTN-DENSE FEW

# 2. Gated Feed Forward (dense) Layer

y = y + tanh(alpha_dense) * ffw(y)

BT # Regular self-attention + FFW on language
1

. y = y + frozen_attention(q=y, kv=y)
cross attention

Joe=lvl

y =y + frozen_ffw(y)

return y # output visually informed language features

Y
Vision Language
input input
Flamingo: a visual language model for few-shot learning. In Alice H. Oh, Alekh Agarwal, Danielle Belgrave, and 17

Kyunghyun Cho (eds.), Proceedings of Advances in Neural Information Processing Systems, 2022.



Flamingo “

Background

\

This is a picture of two teddy
(™ bears on the moon.

What are they doing? &

They  are
(™ conversation.

having a
What object are they using? ¢
(> It looks like a computer.
Is this surprising?
(™ Yes, it is surprising.

Why is this picture surprising
to you? &)

I think it is surprising because
teddy bears are not usually
(™ found on the moon.

J\

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.

&)

J \

P;

r.PD

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.

This is a cityscape. It looks
like Chicago.

What makes you think this is
Chicago?

I think it’s Chicago because
of the Shedd Aquarium in the
background.

What about this one? Which
city is this and what famous
landmark helped you recog-
nise the city?

This is Tokyo. I think it’s
Tokyo because of the Tokyo

(™ Tower.

©

Flamingo: a visual language model for few-shot learning. In Alice H. Oh, Alekh Agarwal, Danielle Belgrave, and

Kyunghyun Cho (eds.), Proceedings of Advances in Neural Information Processing Systems, 2022.




Output Text
Surfing

Background ¢

}h‘ Trained from scratch '“r Pretrained and frozen

,

Q- Former
“ Frozen LLM

&

>

Lightweight transformer T

. o Q: What is the
:.’:‘.‘_f dog doing?

Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi. Blip-2: Bootstrapping language x0002_image pre-training ¢

with frozen image encoders and large language models. arXiv preprint arXiv:2301.12597, 2023.
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BLIP
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- 1 4
q.ﬂﬂlﬂ “a little girl holding a kitten next to a blue fence”

Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi. Blip-2: Bootstrapping language x0002_image pre-training 2o
with frozen image encoders and large language models. arXiv preprint arXiv:2301.12597, 2023.
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BLIP-2

-F
Q-Former Image-Text Image-Grounded
Matching [ Image-Text ] Text Generation
Input Image $ »| Contrastive |« )
i \ L Learning J [ 1
Feed Forward Feed Forward
R for every R
f a Encoder DSOS | Attention Masking
b «+— Dbidirectional
g x N <=0 H— mutlimodal causal Self Attention % N
- . A - =%~ uni-modal - —% —- % )
Learned
Queries [EI O--8 EI] Input Text [a cat wearing sunglass_e_s]

Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi. Blip-2: Bootstrapping language x0002_image pre-training 1
with frozen image encoders and large language models. arXiv preprint arXiv:2301.12597, 2023.
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Motivation

Massive additional vision-and-language alignment or
multimodal data, Long term training



Motivation

Massive additional vision-and-language alignment or
multimodal data, Long term training

I

LENS: Without any need for additional vision-and-language
alignment or multimodal data.



Method

Leverages a LLM as the reasoning
module

Operates over independent vision
modules

Frozen LLM ::
f A
Objects Captions

Attributes

MT

Vlsual
Descriptors

Q: What is the

E hqﬁ dog doing?

@( No additional
@re-trammg dat?/.i
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Input Image

Tag Module

Domain
Vocabulary

Contrastive,
Model %

Attribute Module

blue shirt,
gray surf
table,

brown dog

Attribute
Vocabulary

Contrastive,
Model =

Intensive Captioning

Module
Caption 1
o] . Caption 2
Caption n

Image Captioning
Model it

»
»

Framework

Text Prompt

Tags: surfing, surfer, pug, water dog, pug dog

Attributes:

- pug dog which has double-coated fur.

- pug dog which has small to medium size.

- pug dog which has four-egged mammal.

- surfboard which has leash attached to the tail.

- pug dog which has short, smooth coat.

Captions:

- a dog is sitting on a surf board in the water.

- a dog wearing a blue shift on a surfboard in the water.

- a small dog riding a surfboard in the water.

- a dog wearing a blue shirt is on a surfboard in the
ocean

- a dog in a wet suit surfing on a surfboard.

Large Language Model

Question: What is the breed's dog? and What is the X
dog wearing? sullo

sl
EvEEvs
v

5

Answer:

—

Output text

The dog is a pug and it
is wearing a blue shirt.

26
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Experiments

1. Object recognition task

- 9 benchmark datasets

- zero-shot, 1-shot, and 3-shot
2. Vision and language reasoning

- zero-shot benchmarks



Prompt Design

Examples:

Components Prompt

Tag: Top-1 CLIP Tag
Attributes: Top-K Attributes
Question: Task specific

prompt

Components Prompt
Captions: Top-N captions
Question: e.g Who is doing

"x" action?

Short Answer:

{answer}

Short Answer: {answer}

Table 8: Object recognition prompt used in

LENS

Table 9: VQA prompt used in LENS

29



e Object Recognition

Experiments

LENS CLIP
Datasets L14- FlanTSXL L14- FlanTSXXL H14- FlanTSXL H14- FlanTSXXL L14 H14
Pets [46] 90.1 92.0 92.6 92.4 87.8 90.1
DTD [¥] 47.6 49.0 57.8 58.5 50.7 53.7
Aircraft [3%] 31.1 30.1 38.5 38.5 29.5 38.0
Caltech101 [33] 71.3 71.9 75.4 75.5 70.4 75.6
Flowers102 [41] 73.0 76.4 76.6 76.7 75.5 749
Food101 [4] 90.9 90.9 90.8 92.1 89.8 92.6
Cars [ 28] 75.9 76.3 92.9 93.6 75.9 934
Cifarl0 [30] 95.0 94.9 95.7 95.5 95.0 95.6
ImageNet-1k [9] 69.6 69.2 73.0 73.1 70.7 75.6
Vision Avg. 71.6 (-0.1) 72.3 (+0.6) 77.0 (+0.4) 77.3 (+0.7) 71.7  76.6

30



Avg. Vision
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LENS-L/14
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Experiments

Models # Trainable | VQAv2 OK-VQA Rendered - SST2 Hateful Memes
Params test-dev test test dev  test-seen
Kosmos-1 1.6B 51.0 - 67.1 63.9 -
Flamingosg 1.4B 49.2 41.2 - - 53.7
Flamingogg 1.8B 51.8 44.7 - - 57.0
Flamingogog 10.2B 56.3 50.6 - - 46.4
BLIP-2ViT.L FlanT5y, 103M 62.3 394 - - -
BLIP-2viT-g FlanT5xx. 108M 65.0 45.9 - - -
LENS Flan-T5x. 0 57.9 32.8 83.3 58.0 59.3
LENS Flan-T5xx1. 0 62.6 43.3 82.0 594 62.5
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Q: How many white objects
in this picture ?

A:9

Experiments

Q: What color is the chair in
front of the wall on the left
side of the stacked chairs ?

A: blue

Q: What is the largest white
object on the left side of the
picture ?

A printer

33



Experiments
you're a special kinda nuts M]]@[Dmm @Bﬁ@
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Experiments

Tell me something about the history

of this place.

The Great Wall of China is a fortification
built by the ancient Chinese to keep

out invaders.

something else? &

The Great Wall of China is a UNESCO

World Heritage Site.

Whatis this? gy

An incandescent light bulb surronded

by green leaves

Are the leaves inside of the light buib? @&

No, the leaves are outside the lightoulb

Yes, the lightbulb is glowing

Is it glowing? g

©

v

Wirite down the facts that you know
about this flower.

Phalaenopsis sanderiana is a species of orchid. It is
also known as the moth orchid, butterfly orchid, or
moth plant. It is a perennial plant with a waxy or
velvety texture. It may have a single large bloom

or several smaller blooms.

Where does it come from? &

Phalaenopsis sanderiana is native to the
Philippines.

Whatis this? gy

):‘ Alight fixture that has a plant inside of it.

o)

©

Yes.

No.

Are the plants inside of the lightbulb? ‘

Isitglowing? g

Is this photo unsual? &

o Yes
wy? @

).: The house is upside down.

How could you get out of the house? ‘

p The house has a tunnel coming out of it.

Red

What s the color of this text? @

):‘ The text color is purple.
What does itsay? gy
):‘ The text says "red".
Green
What about this one? ‘
&~ Thetextcolor is red.
What does itsay? g
p The text says "green”

35



Experiments

Prompt Template VQA-ACC
Prompt Template Acc. (Avg.) Question 37.2
Objects 76.6 Intensive Captioning (1) + Question 52.5
Attributes 74.7 Intensive Captioning (5) + Question 56.6
Objects + Attributes 77.0 Intensive Captioning (20) + Question 59.1

Intensive Captioning (50) + Question 60.4
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Thanks For Listening



