Lecture 16:
Vision + Language
(and Foundation Models)
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How have we been thinking about models in
this class so far?
Train a specialized model for each task
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Another paradigm: Foundation Models

Pre-train one model that acts as the foundation
for many different tasks
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How do identify a model as a Foundation?

Always see with foundation models:
- general /robust to many different tasks

Often see with foundation models:
- Large # params

- Large amount of data

- Self-supervised pre-training objective
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Foundation Models

Language
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There are many classes of Foundation Models

Language  Classification LM + Vision Chaining And More!

ELMo CLIP LLaVA LMs + CLIP Segment Anything

BERT CoCa Flamingo Visual Programming Whisper

GPT GPT Dalle

15 Gemini Stable Diffusion
Qwen Imagen
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There are many classes of Foundation Models

Language | Classification LM + Vision Chaining And More!

ELMo CLIP LLaVA LMs + CLIP Segment Anything

BERT CoCa Flamingo Visual Programming | Whisper

GPT GPT Dalle

15 Gemini Stable Diffusion
Qwen Imagen

The main topics discussed in lecture today
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Let's start with the foundation models for
classification

Language | Classification | LM + Vision Chaining And More!

ELMo CLIP LLaVA LMs + CLIP Segment Anything

BERT CoCa Flamingo Visual Programming Whisper

GPT GPT Dalle

15 Gemini Stable Diffusion
Qwen Imagen
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Recall this self-supervised objective from
SimCLR

Batch of Two augmentations
MNimages for each image

A
« 8 |
. L

Use Self Supervised
learning to learn good
image features

Can train small classifiers
on top of these features
using supervised learning
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The main idea was to learning concepts without
labels -> a self-supervised pretraining objective
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The hope was that the learned representations
generalize to new instances
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What if this representation space could also

embed sentences/phrases? o

i lj'ﬁ

>3 “My favorite dog is a golden retriever” <4/

SHE -~ &
o
L
Ok 4
i “A cute fluffy cat” O w
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What if this representation space could also

embed sentences/phrases? .

o lj'ﬂ

~—3 “My favorite dog is a golden retriever” RN/

o e
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L,
. v
“A cute fluffy cat’ O W

How can we construct a joint visual-language embedding space?
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Step #1: Collect a ton of data (~400M image-text pairs)

CLIP training data was
scraped at scale from
Images and their
associated alt-text from
the internet

Mount Rainier's northwestern slope viewed aerially
just before sunset on September 6, 2020

https://en.wikipedia.org/wiki/Mount_Rainier
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Step #1: Collect a ton of data (~400M image-text pairs)

(X4
To address this, we constructed a new dataset of 400 million (image,

text) pairs collected from a variety of publicly available sources on the In-
ternet. To attempt to cover as broad a set of visual concepts as possible,
we search for (image, text) pairs as part of the construction process whose
text includes one of a set of 500,000 queries We approximately class bal-

ance the results by including up to 20,000 (image, text) pairs per query.
29

Quote from original CLIP paper — has since been replicated!

Xu et al, Demystifying CLIP Data, ICLR 2024
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https://proceedings.iclr.cc/paper_files/paper/2024/file/d1450d6c10c6b6cf1b80964357f5fa08-Paper-Conference.pdf

Step #2: Train a model
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Step #2: Train a model

What loss function to use?
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Step #2: Train a model

The authors describing prior work (e.g., image captioning):

Both these approaches share a key similarity. They try to pre-
dict the exact words of the text accompanying each image.
This is a difficult task due to the wide variety of descriptions,
comments, and related text that co-occur with images. Re-
cent work in contrastive representation learning for images
has found that contrastive objectives can learn better repre-
sentations than their equivalent predictive objective (Tian
et al., 2019). Other work has found that although generative

Radford et al, Learning Transferable Visual Models from Natural Language Supervision
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https://proceedings.mlr.press/v139/radford21a/radford21a.pdf

Step #2: Train a model

The authors describing prior work (e.g., image captioning):

Both these approaches share a key similarity. They try to pre-
dict the exact words of the text accompanying each image.
This is a difficult task due to the wide variety of descriptions,
comments, and related text that co-occur with images. Re-
cent work in contrastive representation learning for images
has found that contrastive objectives can learn better repre-
sentations than their equivalent predictive objective (Tian
et al., 2019). Other work has found that although generative

Instead of predicting the EXACT words from an image, we only need to
learn a model that matches the correct description to the image.

Radford et al, Learning Transferable Visual Models from Natural Language Supervision
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https://proceedings.mlr.press/v139/radford21a/radford21a.pdf

SimClr

Image Image
Encoder Encoder

I% Sl

¥
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SimClr CLIP

Image Image Image Text
Encoder Encoder Encoder Encoder

“My favorite dog is

a golden retriever”

“A cute fluffy cat”

“‘Monkeys are my
favorite animal”
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CLIP is trained with the same contrastive
objective (InfoNCE) "

( ) Uy,

n PAUAD
Z —log no () Image Text
i=1 \ Ej:l ) Encoder Encoder

“My favorite dog is
a golden retriever”

| Vi

Vn

“A cute fluffy cat”

“‘Monkeys are my
favorite animal”

**Some details not shown in slides (e.g. temperature parameter, vectors are L2 normalized)
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CLIP Training Objective

ul | | Vl
| |
U, | | Vi
R ( PAUAD \
Z - Iog En (u;v;) Image Text
i=1 \ 1€ ) Encoder Encoder
)
e (u;,v;) “My favorite dog is
+ z _ |Og a golden retriever”
o (1)
j_l ) “A cute fluffy cat”

“‘Monkeys are my
favorite animal”

***Some details not shown in slides (e.g. temperature parameter, vectors are L2 normalized)
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CLIP Training Objective

1. Contrastive pre-training

El - - T 1 - ) By minimizing this 2 way

el e n o] InfoNCE loss, we try to
maximize the image-text

— 5 LTy LT LT Iy Ty H = -
similarities along the
— & BT Bh R - L diagonal.
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CLIP Training Objective

1. Contrastive pre-training

—' e 17 17 - At the end of training, you

T S R B have a model that can
embed images and text

— I IT, LT, I,T; I, Ty
— % T ER BTG - (and can give you a
mege  —+— L LT L LT - I similarity score between an
image and a text)
— Iy Iy, IyT IyTg Iy
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Using pre-trained models out of the box

Pre-training tasks:
Contrastive Objective

network on a pretext
task that doesn’t

require supervision

Tawt
rooder

Image
Ersanied

Step 1: Pretrain a ﬂ B

Step 2: Transfer
encoder to ____ Downstream tasks:

downstream tasks via _— Image classification,
I object detection,
semantic segmentation

linear classifiers
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CLIP features w/ linear probe across multiple datasets

Linear probe average over all 27 datasets
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Fei-Fei, Adeli, Durante, Johnson, Xiang Lecture 16 - 27 May 26, 2026



Big difference with language models: We can use
LLMs zero-shot for new downstream tasks

Step 1: Pretrain a
network on a pretext G » Encoder: Decoder: 2
task that doesn't llove ___ ¢ I " cake
require supervision

“The movie
Step 2: Use the ) _ _ .
moc'i)el outofthe box ~ review ‘l hated Enc;der. Dec;der' “negative”
in a creative way! the movie’ is

J)
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But how do we use pre-trained vision-language models
in a zero-shot manner?

Pre-training tasks:
Contrastive Objective

network on a pretext
task that doesn’t

require supervision

Step 1: Pretrain a = T 11

Step 2: Use the .
mo§e| out of the box Question: How to do out of the box

in a creative Wayl C|aSSificati0n (NO fine'tuning)
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Clever trick: we can create a classifier using the
text encoder!

Image Text
Encoder Encoder
0.27
Image vector text vector

matching score

Radford et al “Learning Transferable Visual Models From Natural Language Supervision”
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Create a vector representation for each category!

Image Text
Encoder Encoder
Image vector “Plane” vector

“Dog” vector

“Bird” vector

Radford et al “Learning Transferable Visual Models From Natural Language Supervision”
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Match a new image to the most similar vector

Image Text
Encoder Encoder
0.13 « ”
Image vector 0.27 Plane” vector
0.09 ' “Dog” vector

“Bird” vector

Radford et al “Learning Transferable Visual Models From Natural Language Supervision”
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Similar to a 1-NN algorithm with the text vectors
as the training data

Image Text
Encoder Encoder
0.13 « ”
Image vector 0.27 Plane” vector
0.09 ' “Dog” vector

“Bird” vector

Radford et al “Learning Transferable Visual Models From Natural Language Supervision”
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Since CLIP was trained with phrases, you can improve
performance by using a phrase “A photo of a [category]”

“A photo of a plane”
“A photo of a dog”
“A photo of a bird”

+1.3% on
Image Text
Encoder Encoder ImageNet

0.13 « ”
Image vector Plane” vector

0.27
0.09 “Dog” vector

“Bird” vector

Radford et al “Learning Transferable Visual Models From Natural Language Supervision”
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A single phrase might be too biased.
Solution: Use multiple phrases

A photo of a plane A drawing of a plane .
A photo of a dog A drawing of a dog [
A photo of a bird A drawing of a bird e

Image Text
Encoder Encoder
Image vector “Plane” vector 1 “Plane” vector 2
“Dog” vector 1 “Dog” vector 2
“Bird” vector 1 “Bird” vector 2

Radford et al “Learning Transferable Visual Models From Natural Language Supervision”
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Use the average vector across phrases as the
representation for each category

A photo of a plane A drawing of a plane .
A photo of a dog A drawing of a dog [
A photo of a bird A drawing of a bird e

Image Text +5% on
Encoder Encoder
ImageNet
Image vector 0.13 Mean “Plane” vector
0.27
0.09 Mean “Dog” vector

Mean “Bird” vector

Radford et al “Learning Transferable Visual Models From Natural Language Supervision”
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That's it! Now, you can use CLIP as a foundation
model for image classification for any dataset

2. Create dataset classifier from label text

Radford et al “Learning Transferable Visual Models From Natural Language Supervision”
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Exciting result after training on 400M image-text pairs

IMAGENET
DATASET RESNET101 CLIP VIT-L
(; .- 7 ( Vo . ’
o i _ 76.2% 76.2%

ImageNet

Matches the accuracy of of ResNet 101 that has been trained
on ImageNet, except CLIP was trained with no human labels
at all!

Radford et al “Learning Transferable Visual Models From Natural Language Supervision”
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Here’s where things get even more exciting

IMAGENET
DATASET RESNET101 CLIP VIT-L

76.2%

|

ObjectNet

Radford et al “Learning Transferable Visual Models From Natural Language Supervision”
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Training on ImageNet doesn’t generalize to other datasets.
ObjectNet contains the same categories but in weird viewpoints

IMAGENET
DATASET RESNET101 CLIP VIT-L
T gy \: » PP
( v : , 7'.;: T M " . va e '-: B -‘
. : : e e 76.2% 76.2%

ImageNet

3 .
3 - B

ObjectNet

Radford et al “Learning Transferable Visual Models From Natural Language Supervision”
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But CLIP zero-shot does so well!
Q. Why do you think that is?

DATASET RESNET101 CLIP VIT-L

76.2%

72.3%

|

ObjectNet

Radford et al “Learning Transferable Visual Models From Natural Language Supervision”
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IMAGENET
DATASET RESNET101 CLIPVIT-L

é g F 4 &, =3
i @ 76.2% 76.2%
ﬂ%g‘ &ﬁ 4 70.1%

CLIP performance is

great also on graphic P N P A
" L‘A" < .}L N * o 88.9%
images , sketches, E"- Q

adversarial datasets ,

72.3%
Obje tN t
1 A J
~— 7 ) J = —
- e \ 5.2 60.2%

ImageNet Sketch

=< ‘5‘ cehE 2 —

ImageNet Adve

Radford et al “Learning Transferable Visual Models From Natural Language Supervision”

Fei-Fei, Adeli, Durante, Johnson, Xiang Lecture 16 - 42 May 26, 2026



Difference in performance between
linear probe vs zero-shot

Al 259 Zero-shot is best
Foodl101 +22.5
Kinetics700 +14.5 A
SST2 12.4

SUN397
UCF101
HatefulMemes
CIFAR10
CIFAR100
STL10
FER2013
Caltech101
ImageNet

+0.5
Birdsnap
MNIST
FGVCAircraft
RESISC45
Flowers102

DTD \ /
CLEVRCounts

GTSRB

PatchCamelyon H o
KITTI Distanze Linear classifier w/ CLIP features

EuroS'AT ’ : . is best
-40 -30 =20 -10 O 10 20 30 40

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

Radford et al “Learning Transferable Visual Models From Natural Language Supervision”
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Q: Why does CLIP perform so well?

How can no labels beat labels??
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Q: Why does CLIP perform so well?

How can no labels beat labels??

Some possible answers:
1. “No labels” is a bit misleading
2. Massive pretraining scale

Does CLIP’s Generalization Performance Mainly Stem from High Train-Test Similarity?
TLDR; Not really
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Q: Why does CLIP perform so well?

How can no labels beat labels??

Some possible answers:
1. “No labels” is a bit misleading
2. Massive pretraining scale

Does CLIP’s Generalization Performance Mainly Stem from High Train-Test Similarity?
TLDR; Not really
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CLIP scaled up the model parameters with the
transformer architecture

ImageNet ResNet Parameters
(44.5 Million)
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CLIP Scaled up the
training data by scraping
image-text pairs from the
internet

ImageNet ResNet Training Data
(1.28 Million)
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Common Variant: SigLIP uses Sigmoid Instead
of Softmax

Device 1 Device 2 D 3 D 1 Device 2 Device : 4 Device 1 Device 2 D 3 D 1 Device 2 D 3
L Io I3 Iy Is lg 13 lg lg lig I4q la2 L L 1z Ly 15 Ig 1z lg lg Iip L1 Iy2 L I I3 L 15 lg I lg lo Lip iy Lz L L Is I Is le I Ig Ly Lip l1g hi2
T, [+ - - T T,
— i o™ ™~
g It § ol - 5 - ; T, § =
g Ts g; Ts P ; Ty g Ts
T, T, - [E T, T
Ts Ts + - - - Ts I
o~ N ™ - — - o™
s T _3 I's -+ - - @ Ts & I
[ 5 T, -+ - 5 T, 5
=} a a a
Ta Ts -+ Ty 1
- Ty - Tq = = == . Ty Ty
& Tio 8 Tio RN — | — g Tw 3 Tiol
BT 3T -+ -| B 2T
Tiz Ti2 - | Ty T:2
4Ll IR e 1Ll
! 33% 33% 33% 33%(33% 33% 33% 33%|33% 33% 33% 33% l 56% 6600 66% 56% |66% 66% 66% 66% (663 55% 66% 66% loss
0ss 0SS z - N
Device 1 Device 2 Device 3 Device 1 Device 2 Device 3 Device T Device 2 DEvIcERD
A 1 'e

Cross Device £

Very useful: does not require materializing the entire batch to compute loss per sample (can save memory)
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CoCa improved upon CLIP by adding a
generation objective

attentional pooling cls-token
Image Unimodal
Encoder Text Decoder
000000000000 [s] two dogs runningin a field [CLS]
{ ﬂ “two dogs running in a field” } pairs
- . n) ’
image text

“Contrastive Captioners are Image-Text Foundation Models”, 2022
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CoCa added a decoder with a captioning loss

two dogsrunning in a field [/s]

(keyshvalues) Multimodal
et Text Decoder
attentional pooling cls-token
Image Unimodal
Encoder Text Decoder
000000000000 [s] two dogs runningin a field [CLS]
t
{ m “two dogs running in a field” } pairs
2 . : | ,
image text

“Contrastive Captioners are Image-Text Foundation Models”, 2022
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CoCa: Contrastive Captioners are Image-Text
Foundation Models

Model ImageNet ImageNet-A ImageNet-R ImageNet-V2 ImageNet-Sketch ObjectNet Average
CLIP [12] 76.2 77.2 88.9 70.1 60.2 72.3 74.3
ALIGN[15] 16.4 13.8 9l.2 0.1 04.8 12.2 4.5
FILIP [61] 78.3 - - - - - -
Florence [14] 83.7 - - - - -

LiT [32] 84.5 79.4 93.9 78.7 - 81.1 -
BASIC [33] 85.7 85.6 95.7 80.6 76.1 78.9 83.7
CoCa-Base 82.6 76.4 93.2 76.5 71.7 71.6 78.7
CoCa-Large 84.8 85.7 95.6 79.6 15.7 78.6 83.3
CoCa 86.3 90.2 96.5 80.7 77.6 82.7 85.7

Table 4: Zero-shot image classification results on ImageNet [9], ImageNet-A [64], ImageNet-R [65],
ImageNet-V2 [66], ImageNet-Sketch [67] and ObjectNet [68].
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Classifier foundation models now dominate other
models on ImageNet

Model ImageNet - -
ALIGN [13] 88.6 \_ s s T
Florence [14] 90.1 I e g
MetaPseudoLabels [51] 90.2
CoAtNet [10] 90.9 S o ffecate Gootene
ViT-G [21] 90.5 :
+ Model Soups [52] 90.9
CoCa (frozen) 90.6

| CoCa (finetuned) 91.0 |
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Advantages of CLIP-style models

1. Dot product is super efficient
a. Easy to train (enables scaling)
b. Fast inference, e.g., retrieval over 5B images

2. Open-vocabulary (zero-shot generalization)

3. Can be chained with other models (CuPL)
[we will discuss this later today]
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April 2022, Tristan Thrush et al:

CLIP can’t distinguish between:

there is a mug in some grass there is some grass in a mug
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Disadvantages of CLIP-style models
1. Rely too heavily on batch size to learn concepts

Increasing batch size helps you understand fine-grained concepts

Batch size: 4 “animal”
Batch size: 100 “dog”
Batch size: 32000 “Welsh Corgi”
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Disadvantages of CLIP-style models
1. Rely too heavily on batch size to learn concepts
Increasing batch size helps you understand fine-grained concepts

But there’s a limit to how fine-grained you can get this way

Even in a batch of 32K, it's unlikely you see both “a mug in some
grass” and “some grass in a mug’
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Disadvantages of CLIP-style models

1. Rely too heavily on batch size to learn concepts

Winoground CREPE ARO
. 1 Winoground CVPR 2022 (Oral) woed order
: VL-Checklist EMNLP 2022 replacements
m - When-and-Why ICLR 2023 (Oral) word order
. b‘(
word order
oy rney CREPE gIPyPRI 20?)3 replacements
: thight negations
SV.C CVPR 2023 replacements
@ Crepeonaskillet. ®? e
thereis amugin  there is some BLIP DAC (spotlight) replacoments
some grass grass in a mug € Boats onaskillet. What's Up EMNLP 2023 replacemonts
' " - ? X Toxt encoders. EMNLP 2023 word ordler
© Crepe under askillet. i gracs i auting the hse] o1+ e
. — - — SugawrCREPE NeourlPS 2023 replacements
€ Crepeonadog. rorErEra— replacem
COLA NewrlPS 2023 D88 replacements

“‘compositionality”
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Disadvantages of CLIP-style models

1. Rely too heavily on batch size to learn concepts

Solution? Hard Negative Fine-Tuning
horse eating grass grass eating horse
S o s s O s [ s e Y s O
M o ¢ 8 8 % 8 8 % %
@ % £ % 8 8 8 8 B
QO = 8 4 8 8 8 8 8
QO = 8 8 O 8 8 8 8
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Disadvantages of CLIP-style models

1. Rely too heavily on batch size to learn concepts
But training with hard negatives has its own problems...

A black cat and a brown dog
v

A brown cat and a black dog

X

“hard positives”
A brown dog and a black cat

X
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Disadvantages of CLIP-style models

1. Rely too heavily on batch size to learn concepts
2. Image-level captions are insufficient supervision

Can also train on region captions
with bounding box coordinates

a man ! wearlng man crossing  man wearing snlver backpack
a backpack is . the street | backpack
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Disadvantages of CLIP-style models

1. Rely too heavily on batch size to learn concepts
2. Image-level captions are insufficient supervision
3. You can’t know everything in a single 5B dataset

Internet Observatory

Stanford | Cyber Policy Center

It's extremely important to be

Identifying and Eliminating CSAM in intentional about data collection
Generative ML Training Data and Models an d f| It e ri n g

Sunford Internet Observatory
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Next, the Vision + Language Model Family

Language

ELMo
BERT
GPT
15

Classification | LM + Vision

CLIP LLaVA

CoCa Flamingo
GPT
Gemini
Qwen

Chaining

LMs + CLIP
Visual Programming

And More!

Segment Anything
Whisper

Dalle

Stable Diffusion
Imagen
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Next, the Vision + Language Model Family

Language

ELMo
BERT
GPT
15

Classification | LM + Vision

CLIP LLaVA

CoCa Flamingo
GPT
Gemini
Qwen

Chaining

LMs + CLIP
Visual Programming

And More!

Segment Anything
Whisper

Dalle

Stable Diffusion
Imagen
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LLaVA

Motivation: Language models which do next token prediction
can be applied to a wide variety of tasks at inference (Math,
sentiment analysis, symbolic reasoning)

Can we build a model that can accept images and text as
input, and then output text?

— Vision-Language Models
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First, some historical context

Vision-Language Models didn'’t start with LLaVA!

They go as far back as 2019 — VILBERT

f
<CLS> Man shopping for fruit __ <SEP>
Wo Wy W, ws W, Wy Embed}—h[ TRM _|5=r*{Co-TRM}|—| TRM

———————————————————
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Historical context

Vision-Language Models didn'’t start with LLaVA!
They go as far back as 2019 — VILBERT

BUT, they had to finetune for each task separately,
with non-trivial task-specific methods (e.g., Mask-RCNN
bounding box re-ranking for RefCOCO)

— Same paradigm as we discussed right at the beginning of this lecture:
very task-specific
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LLaVA uses the
autoregressive nature
of LLMs

+E

>

=
<

v v v

<
Y vV VvV
Attention ®

3
0

Q.
o
—~
=
=

o2 = | 2 P
-2l -e —>;—>~5->
|

] we vz =P

t 4 4
| softmax (1)
» 4 2

Alignment L_|

> 2
P2 P |2 | -2
P> 2 P
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Recall how transformers
decode language

Transformer block

Transformer block

Transformer block

| Cats | are | so
!

Input Text
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Key idea behind LLaVA — add visual
information to the LLM

Transformer block

Transformer block

Transformer block

T T

Input image tokens Input Text

Q: Which image tokens
work best here?
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The CLIP encoder is a good option!

1. Contrastive pre-training

T, Ts TS T,
— 1 IT, IT, I,T; IT
pm I I, T, I,T, I I,
EII:::E; 1 1T, IpT, | IgTy 1.,
— Iy Iy, IyT IyTg Iy
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What features should we use
from CLIP? fokon for e ative oarming

Pooling token oS s
(I —
(I —
) B —
Patchify = | —

Flatten + Linear proj +
2D pos embed Vision Transformer
[Image source]
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https://en.wikipedia.org/wiki/File:Cat_outside.jpg

What features should we use
from CLIP?

Pooling token

P |
Patchify

CLS

(I

Flatten + Linear proj +

2D pos embed

v

CLS

I

Vision Transformer

But these tokens are not
supervised! (Could be random
and loss will not change)

Fei-Fei, Adeli, Durante, Johnson, Xiang

Lecture 16 - 73

May 26, 2026



Use Penultimate Layer!

Vision Transformer

Pooling token CLS =
- / (—
/T I
N | - -,
I >
' nelill
Patehity —
J— T —
Flatten + Linear proj + _ .
2D pos embed L — 1 Layers Final Layer

In practice, these tokens preserve spatial and linguistic
information best for LLMs. Can drop CLS for slight gains.

Fei-Fei, Adeli, Durante, Johnson, Xiang Lecture 16 - 74 May 26, 2026



LLaVA — Overall Architecture + Training Recipe

1. Initialize with pretrained Language Model
for LLM Decoder (e.g. LLaMA) and
pretrained image encoder (e.g. CLIP) Transformer block
2. Train a new linear layer to bridge CLIP
features to LLM input space Transformer block LLM
3. Finetune LLM + linear layer together Decoder
Transformer block

I !

Linear Layer Input Text

Vision
Encoder
(CLIP)

Can get reasonable performance with ~178,000 samples
containing an input image, input instruction, and output text.
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However, there are other ways to fuse
information here. Flamingo proposed an
alternative way

Transformer block

Vision Transformer block
encoder

Transformer block

 <image> | This | cat | is ] so_

Alayrac et al. Flamingo, NeurlPS 2022
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Pre-trained parts of Flamingo

([ Output: text

a very serious cat.

Processed text

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

Input: text and visual
data interleaved

. T@ 5
I",’ This is a very cute dog. | 8™

Visual data L
processing 7

Alayrac et al “Flamingo: a Visual Language Model for Few-Shot Learning. 2022.
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There are 2 learned parts in Flamingo

([ Output: text

a very serious cat.

)

n-th GATED XATTN-DENSE

t
1st GATED XATTN-DENSE

—

ey

Processed text

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

Input: text and visual
data interleaved

N 7 7
|"’,' This is a very cute dog. | 8

Visual data L
processing 7

Alayrac et al “Flamingo: a Visual Language Model for Few-Shot Learning. 2022.
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Perceiver sampler converts variable
sized image tokens to fixed sized
OneS ® Output: text

a very serious cat.

—
Perceiver Perceiver [ E— n-th GATED XATTN-DENSE
Resampler Resampler '

f
15t GATED XATTN-DENSE

—

e

Processed text

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

Input: text and visual
data interleaved

This is a very cute dog. | &

Visual data L
processing 7

Alayrac et al “Flamingo: a Visual Language Model for Few-Shot Learning. 2022.
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Flamingo full architecture

([ Output: text
- Pretrained and frozen
Trained from scratch a very serious cat.
during Flamingo training
| — *
Perceiver Perceiver i n-th GATED XATTN-DENSE
Resampler Resampler .
t
1st GATED XATTN-DENSE

Processed text

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

Input: text and visual
data interleaved

.
I",’ This is a very cute dog.

Visual data L
processing 7

Alayrac et al “Flamingo: a Visual Language Model for Few-Shot Learning. 2022.
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Flamingo arranges its training data
similar to language modeling,

with special tags <image>, <eos> to indicate when a
new image shows up or the text ends.

| §2

-
<B0S>Cute pics of my pets!<EOC-<image=My puppy sitting in the grass tEUCiiimge* My cat looking very dignified.#tﬂh I h '\w
o T

Image 1 Image 2

— Processed text: <image> tags are inserted and special tokens are added

Alayrac et al “Flamingo: a Visual Language Model for Few-Shot Learning. 2022.
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Flamingo results

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

What are they doing?
They are having a conversation.
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.

What is the common thing
about these three images?

® They are all flamingos.

What is the difference between
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

Fei-Fei, Adeli, Durante, Johnson, Xiang

Alayrac et al “Flamingo: a Visual Language Model for Few-Shot Learning. 2022.
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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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Flaming enables in-context learning

Input Prompt ) [ # Completion J

~

J

a flamingo. They are

This is a chinchilla. This is a shiba. They

' q £ R found in the
They are malvnly found are very popular in This is Caribbean and South
in Chile. Japan. 2
America.
7 . >

What is the title of this
painting? Answer: The
Hallucinogenic

What is the name of
the city where this was | ——> Arles.
painted? Answer:

Where is this painting
displayed? Answer:
Louvres Museum, Paris.

Toreador.
. i ) . S
N\ ' N
i |m-
Output: "Underground” 'CONGRESS ::“)- Output: "Congress” m»-- = & Qutput: -_ "Soulomes”
[ ] _J_
7 . -
. 7 p o’

Alayrac et al “Flamingo: a Visual Language Model for Few-Shot Learning. 2022.
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Flamingo results

Qutput: A propaganda f 3
w:;::;idzp;x;rg:c;m Output: A pink room A portrait of Salvador
emperor Napoleon with a flamingo pool OQutput: e Dali with a robot
holding a piece of float. head.
cheese.
J -« J

w
J

Les sanglots longs des

violons de l'automne Pour qui sont ces

Je suis un ceeur qui

bles'sem mon coeur serpents qun'sumem sur 1 bat pour vous.
d'une langueur vos tétes?

monotone.
~ ~ 7
R ' 2

pandas: 3 dogs: 2 —_ giraffes: 4
J - J
4

‘
-

"o . , my favourite play is s Eareet ” Dreams from my
I like reading Hamlet. I also like , my favorite book is _ Father.

. J - /

r N ' ™\
What happens to the
man after hitting the s— he falls down.

ball? Answer:
- 7 L. o

Alayrac et al “Flamingo: a Visual Language Model for Few-Shot Learning. 2022.
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Results: zero & few shot

< £
< ™~ (@) 6 >§ N é =4 % —E 5 p- = g
Method  FT Shot g 2 < s = = 2 E § S = 2 % f-,—f £ 3
(o) > ) g = = = & = é’ v > & > s &
= <
< o4
Zero/Few (391 [124] [134] [64] [64]  [145] (1531 [87] [94] [94]
shotSOTA ¥ 433 38.2 322 352 19.2 122 39.4 11.6 66.1 40.7
X) (16) (4) (0) 0) (0) (0) (0) (0) 0 (0
X 0 41.2 49.2 73.0 27.5 40.1 289 60.6 11.0 327 558 39.6 46.1 30.1 213 53.7 584
X 4 433 53.2 85.0 33.0 500 340 720 149 357 646 413 473 327 224 536 -
Flamingo-3B X 8 44.6 55.4 90.6 37.0 545 384 71.7 19.6 368 68.0 406 476 324 239 54.7
X 16 456 56.7 95.4 40.2 57.1 433 734 234 374 732 401 475 31.8 252 553
X 32 459 571 99.0 426 59.2 455 71.2 256 377 767 416 O00C 306 261 563 -
X 0 447 518 794 302 395 288 615 13.7 352 550 418 480 31.8 230 57.0 579
X 4 49.3  56.3 93.1 362 51.7 349 726 182 377 708 428 504 33.6 247 627 -
Flamingo-9B X 8 50.0 58.0 99.0 40.8 552 394 734 239 400 750 434 512 336 258 639
X 16 508 594 1022 445 585 430 727 276 415 772 424 513 335 276 645
X 32 510 604 1063 472 574 440 728 294 407 773 412 00C 326 284 635 -
X 0 506 56.3 843 356 46.7 316 67.2 17.4 407 60.1 39.7 520 350 267 46.4 60.8
X 4 57.4  63.1 1032 41.7 560 396 751 239 441 745 424 556 36,5 308 686 -
Flamingo X 8 575 65.6 1088 455 60.6 448 782 276 448 80.7 423 564 37.3 323 700
X 16 578 66.8 1105 484 628 484 789 300 452 842 411 56.8 376 329 70.0
X 32 578 676 113.8 523 651 498 754 310 453 868 422 00C 379 335 700
54.4  80.2 1433 479 6.3 7.2 67.4 6.8 354 1387 36.7 54.7 252 754
. ¥ 39] (1501  [134] (32] [165]  [70] [162]  (57) [145] [142] [138] [87]  [147] [139] [60]
(X) (10K) (444K) 500K (27K) (500K) (20K) (30K) (130} (6K) (10K) 16K) 123K) (20K) (38K) (9K)
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What is SOTA in 2026 (so far)?

Gemini widely considered the best
proprietary Vision-Language model
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What about open source models?
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Open Weight (can download + run locally)
VS

Fully Open Source (can repro training)

Fei-Fei, Adeli, Durante, Johnson, Xiang Lecture 16 - 88 May 26, 2026



Open Weight (can download + run locally)
VS

Fully Open Source (can repro training)
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@ Qwen3-VL

Qwen3-VL Technical Report Dec 2025
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What's different from LLaVA?

@ Qwen3-VL

Qwen3-VL Technical Report Dec 2025
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1. Native image resolution = more tokens for larger images

(use 2D-RoPE for pos-embed to handle varying image sizes)

1. Use SigLIP-2 Vision Encoder (instead of CLIP)

Vision Encoder

Qwen3: Think Deeper, Act Faster ‘ I Native Resolution Inpuf

‘ AT 52""? “.,.% . Width: 1440 L

o = ¥ = Picture 3 B R\ e
Height: G o— o 7 — A O i a
9376 0 ¢ o .. = Q 3 v L T |

) wenos- e
< Width: 1248 > eeo
Picture 1 .
Qwen3-VL Technical Report Dec 2025
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3. For videos, frame times are given in text <0.0 seconds>
4. Embeddings from layers 8,16,24 of SigLIP-2 are used

EEEEEEN - DDI:I---I:II:I------DI:ID'"DEIEI'"DEII:II:II:IDI:] \

Images and videos here. |«

I:I Text token
<00 > Timestamp in text format

11427 tokens
Picture 1

11
- | 8 tokens 11 1125 tokens ' '

Picture 2 Picture 3

Vision Encoder

Qwen3: Think Deeper, Act Faster

Qwen=3
000000
— =
fmretrm vLLI s
W e 7 ol
is6L S
Height: G o— o ¢ l .
97| | o ¢ o @ -
i
= Width: 1248 -1
Picture 1

Height: J]F 0084 -ioi

32 Nyidth: 256

Picture 2

I Native Resolution Input

Height
800

. Width: 1440 L
Picture 3

@ Qwen3-VL

\
( _____ t_ _D_wsvo_ fozans
| C TIM BlockN ) |
| : '
\I——nunnnn I
( LLM Block3 ) I
~————oooooo
\[\’DLLM Block 2 ) |
ooooo I
| ( LLM Block 1 )
| I
_____ t_ et 0
DeepStack

Width: 736
Video 1

Qwen3-VL Technical Report Dec 2025
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5. Four training phases: (1) bridge vision encoder + (3) increase context

Qwen3 LM Dense/MoE Decoder

COOOCCEE  eseees I:II:II:I---I:ID------DDD"'DDD'"DD L] DI:II:II:I

Images and videos here. |« 11427 fokens m 7125 tokens llN ot Video rome ambs <A0smeonds> Videobomasmbs | t_ R \_
2 ( [ vision tokens ©
O  Text tokens
e st R T Picture 1 Picture 2 Picture 3 Video 1 K LM BlockN ) |
: |
I .
. . ;’
Vision Encoder \:[\_’ZEMDBEC%D )|
e ooooo
Qwen3: Think Deeper, Act Faster I Native Reso’uﬁon Inpuf ( U.DMDBIECI(DZD ) I
|
I LM Block 1 ) I
= : |
s e eew e e e — —
= F e e t- DeepStack
Qwenx 3 I\ 2"
Height. BT PS8 ]  pojgh; T NN e ;
32 ygm 256 ' 800 = 1D : T
YYYY Y Picture 2 7 4
== B
firarm LLM 7 -
__m | 7 r Width: 1440 ’
b \y £ A " Picture 3 o—
Height: B o= gt o e
9376 e ¢ Qe E A A Q 3 vL I Width: 736
| N
X | We n Video 1
f Width: 1248 !
Picture 1

Qwen3-VL Technical Report Dec 2025
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Open Weight (can download + run locally)
VS

Fully Open Source (can repro everything)
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There are open—-weight models but
they are largely distilled (e.q., from GPT)

GPT-40

GPT-4V

Gemini 1.5 Pro
API Only Gemini 1.5Flash g ; A
Claude 3.5 Sonnet

Claude SOpUS

Claude 3 Halku

Qwen VL2728
QwenVL27B

ntern VL2 LLAMA 76B

Open Intern VL2 8B
Weights .
Phi3.5-Vision 4B

PaliGemma 3B

LLAVA OneVision 728
LLAVA OneVision 7B

DIStl”Gd Cambrian-1348

Cambrian-18B

%
%
8
[~}
&
- mm mm mm mm Em Em Em Em Em Em Em Em Em Em o = =

xGen - MM - Interleave..

Deitke et al. “Molmo and PixMo”. CVPR 2025

LLAVA-1513B

Open
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Open
Weights
Data
Code
Evals

API Only

Open
Weights

Distilled

Open

Molmo 728
Molmo 7B-D
Molmo 7B-O

MolmoE 1B

GPT-40

GPT-4V

Gemini 1.5 Pro
Gemini1.5Flash
Claude 3.5 Sonnet
Claude 3 Opus

Claude 3 Halku

Qwen VL2728
QwenVL27B

Intern VL2 LLAMA 76B
Intern VL2 8B

Pixtral 128
Phi3.5-Vision 4B

PaliGemma 3B

LLAVA OneVision 728
LLAVA OneVision 78
Cambrian-134B
Cambrian-188

xGen - MM - Interleave...
LLAVA-1513B

LLAVA-1.57B

Average Score on 11 Academic Benchmarks

81.2

71.3
74.6
68.6
785
711
78.3
751
767
66.4
65.3
79.4
737
771
69.4
69.5
59.7
50.0
76.6
72.0
66.8
63.4
59.5

43.9

Completely Open

O

O
O
O

nen Welghts
Hhen Data
Hhen Code

Hen kBvals

Deitke et al. “Molmo and PixMo”. CVPR 2025
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Quality vs quantity tradeoff

Molmo is trained with

PixMo

LLAMA 3.1V o
mage-Text pairs
)

6 Billion Image-Text pairs

Deitke et al. “Molmo and PixMo”. CVPR 2025
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Internet data is often incidental

pink, japan, aesthetic
iImage

love this winter picture by
person

Deitke et al. “Molmo and PixMo”. CVPR 2025
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PixMo data is detailed:

This photograph captures a well-organized work desk set prominently in
the middle of the frame. The desk is large and rectangular, made from a
polished, rich wood that spans horizontally across the image. Its structure
is supported by four distinctive A-shaped legs, adding an elegant touch.
Onthe desk, a striking dual-monitor setup is noticeable: a tall, vertical
screen placed behind and to the right of a wider, horizontal computer
monitor.

To the right of these monitors, a black mouse rests on a mouse pad.
Scattered around the mouse pad, some white papers or letters are strewn
across the far right side. On the left side of the desk, a black desk lamp
with an extended arm hangs down, illuminating the workspace. Nearby, a
stack of books is neatly placed in the upper left corner of the table.

The background wall is painted a subtle beige-white, complementing the
refined ambiance of the space. The floor below the desk features elegant
pinkish marble tiles, enhancing the room’s sophisticated look. To the far
right of the image, a large window or patio door allows natural light to pour
in, with clear glass that offers a gimpse into the outside area. This exterior
view includes part of a rustic brick wall and a metal pail, hinting at an
adjacent patio.

Deitke et al. “Molmo and PixMo”. CVPR 2025
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Collecting dense captions is hard!!!

This image features a screenshot taken from a tablet device. At the top-right corner, the time is displayed as 11:48, alongside a
P 4 : battery icon indicating 67% power remaining. The device also shows atelephony signal strength of four out of five bars and
Rl © =il 67% 8 11:48 O < " - . X A )
roughly three—quarters Wi-Fi connectivity. Additionally, a clock alarmicon is present, as well as an icon resembling a white
rectangle with a blue letter "N" in it, whose specific function is unclear.

The main portion of the screen, approximately 80% of it, is a solid medium blue color devoid of any content. At the bottom of the
screen, there are several folders and icons representing various apps and functionalities:

1. The first folder contains three icons:

- An icon likely for contacts.

- An icon probably for telephone.

- Anicon that seems to represent a text messaging app.

2. The second folder houses four apps:

- A Gmail app icon indicated by a red "M" on a white background.

- A YouTube app icon characterized by a red play button.

- A'map appicondepicting a map.

- An unidentified app icon represented by a blue folder with its top corner bent down on the right.

3. The third icon is a white oval with six dots, arranged in two rows of three, likely representing an app drawer or menu.

4. The fourth icon resembles a red, yellow, and green shutter with a blue dot in the middle, suggesting it might be for a camera or
photo viewing app.

5. Next to it, there is a silver colored camera icon with a black lens and a blue spot in the center, hinting at a camera application.
At the very bottom of the screen, there are three navigational icons:
- Aleft arrow triangle in white at the bottom-left corner.

- A white oval in the center, indicative of a home button.
- A white rectangle on the bottom-right corner, likely for accessing recent apps or multitasking.

Lecture 16 - 101 May 26, 2026

Fei-Fei, Adeli, Durante, Johnson, Xiang




People don't like to type
... but they love to talk

Annotators were asked to speak for 60
to 90 seconds about an image

Authors automatically convert speech
into text for pretraining

Deitke et al. “Molmo and PixMo”. CVPR 2025
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Foundation Models

Language Classification LM + Vision Chaining

ELMo CLIP LLaVA LMs + CLIP
BERT CoCa Flamingo Visual Programming
GPT GPT
T5 Gemini
Qwen 3.5 VL
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What happens when a model is asked to classify
a concept it has never seen?

A photo of a marimba
A photo of a viaduct
A photo of a papillon
A photo of a lorikeet

Pratt et al “What does a platypus look like? Generating customized prompts for zero-shot image classification”. 2023.
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Solution: chaining
1. Get an LLM to generate a description.
2. Classify using the description

“A marimba is a large wooden percussion instrument that looks like a xylophone.”
“A is a bridge composed of several spans supported by piers or pillars.”
“A papillon is a small, spaniel-type dog with a long, silky coat and fringed ears.”
“Alorikeet is a small to medium-sized parrot with a brightly colored plumage.”

Pratt et al “What does a platypus look like? Generating customized prompts for zero-shot image classification”. 2023.
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CuPL (CUstomized Prompts via Language models)

LLM-prompts: Image-prompts:
o~ £
“What does a “A lorikeet is a small to medium-sized parrot with a brightly colored plumage.”
{lorikeet, marimba, [> < “A marimba is a large wooden percussion instrument that looks like a xylophone.”
papillon} “A is a bridge composed of several spans supported by piers or pillars.”
look like?” “A papillon is a small, spaniel-type dog with a long, silky coat and fringed ears.”
\

Lorikeet Marimba Papillon

Pratt et al “What does a platypus look like? Generating customized prompts for zero-shot image classification”. 2023.
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CuPL (CUstomized Prompts via Language models)

ImageNet
DTD
Stanford Cars
SUN397
Food101
FGVC Aircraft
Oxford Pets
Caltech101
Flowers 102
UCF101
Kinetics-700
RESISC45
CIFAR-10
CIFAR-100
Birdsnap

std 75.54 55.20 77.53 69.31 93.08 32.88 93.33 93.24 78.53 77.45 60.07 71.10 95.59 78.26 50.43 |
#hw 80 8 8 2 1 2 1 34 1 48 28 18 18 18 1

CuPL (base)|76.19 58.90 76.49 72.74 93.33 36.69 93.37 93.45 78.83 77.74 60.24 68.96 95.81 78.47 51.11|"
A std +0.65 +3.70 -1.04 +3.43 +0.25 +3.81 +0.04 +0.21 +0.30 +0.29 +0.17 -2.14 +0.22 +0.21 +0.63
# hw 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3

Pratt et al “What does a platypus look like? Generating customized prompts for zero-shot image classification”. 2023.
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Can we generalize the idea of chaining to all
vision tasks?

Many Visual Question
Answering models which
have been trained to do
this type of task

Are there 3 people in the boat?

Gupta et al “Visual Programming: Compositional visual reasoning without training”. 2023.
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VisProg (visual programming)

LEFT:

Statement: The left and right image contains a total of six people and two boats.

Gupta et al “Visual Programming: Compositional visual reasoning without training”. 2023.
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VisProg (visual programming)

Train a new model for Write a python script with the
your task models you have

| output |

Multi-image

VQA model

General to 2 images now, but not beyond that

Gupta et al “Visual Programming: Compositional visual reasoning without training”. 2023.
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VisProg (visual programming)

LEFT: RIGHT:

Statement: The left and right image contains a total of six people and two boats.

l
GPT

— False

Gupta et al “Visual Programming: Compositional visual reasoning without training”. 2023.
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VisProg (visual programming)

Instruction: Hide the face of Nicole Kidman with :p

Program:

0BJ@=Facedet(image=IMAGE)

0B)1«Select(image=~IMAGE, object=08)8, query=‘Nicole Kidman’)
IMAGE@=Emo]i(image~IMAGE, object=08)1, emoji=‘face_with_tongue’)
RESULT=IMAGE®

Instruction: Create a color pop of the white Audi
Program:
< OBJ@=Seg(image=IMAGE )

0BJ1=Select(image~IMAGE, object«08)8, querys‘white Audi’)
IMAGE@=ColorPop(image=INAGE, object=0811)
RESULT«IMAGE®

In-context Examples

Instruction: Replace the red car with a blue car

Program:

0BJA=Seg(image~IMAGE)

0BJ1sSelect(image~IMAGE, object=0838, query=‘red car’)
IMAGE@=Replace(image=IMAGE, object=0B8)1, prompt=‘blue car’)
RESULT»IMAGE®

Instruction: Replace the BMW with an Audi and cloudy sky with clear sky

Program:
Prompt
Program ‘

0BJ)@=Seg(image=IMAGE)

0B)1sSelect(image=IMAGE, object«08)0, querys=‘BMi’)
IMAGE@=Replace(image=IMAGE, object=08]1, proepte=‘Audi’)
0B)1=Seg(inage=IMAGED)

0BI2=Select(image~IMAGE®, object=08)1, query=‘cloudy sky’)
IMAGE1=Replace(image=IMAGED, object=0Bl2, prompts‘clear sky’)
RESULT»IMAGEL

Gupta et al “Visual Programming: Compositional visual reasoning without training”. 2023.
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VisProg (visual programming)

lmage FaceDet
Understanding OWL-ViT DSFD (pypi) | | MaskFormer CLIP-ViT CLIP-ViT ViLT

Replace ColorPop

Stable PIL.convert()
Diffusion cv2.grabCut()

PIL.GaussianBlur()
cv2.grabCut()

PIL.rectangle() Augly (pypi)

Manipulation
m CropRight CropAbove CropBelow
‘ PIL.crop() PIL.crop() PIL.crop() PIL.crop() PIL.crop()
Knowledge Arithmetic
Retrieval GPT3 & Logical eval() len() dict()

Gupta et al “Visual Programming: Compositional visual reasoning without training”. 2023.
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VisProg (visual programming)

' Natural Language Visual Reasoning

LEFT: RIGHT:

)

Statement: The left and right image contains a total of six people and two boats.
Program:

ANSWER@=Vqga(image=LEFT, question=‘How many people are in the image?’)
ANSWER1=Vga(image=RIGHT, question=‘How many people are in the image?’)
ANSWER2=Vqga(image=LEFT, question=‘How many boats are in the image?’)
ANSWER3=Vqga(image=RIGHT, question=‘How many boats are in the image?’)
ANSWER4=Eval( ‘{ANSWERO} + {ANSWER1} == 6 and {ANSWER2} + {ANSWER3} == 2’)
RESULT=ANSWER4

\Prediction: False

/

Gupta et al “Visual Programming: Compositional visual reasoning without training”. 2023.
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VisProg (visual programming)

" Factual Knowledge Object Tagging

IMAGE: Prediction: IMAGE®

- —

| “ LU L) Il
?' l~l"'l‘l »
S W

Instruction: Tag the 7 main characters on the TV show Big Bang Theory

Program:

OBJO@=FaceDet(image=IMAGE)

LISTe=List(query=‘main characters on the TV show Big Bang Theory’, max=7)
0BJ1=Classify(image=IMAGE, object=0BJ@, categories=LISTO)

IMAGE@=Tag(image=IMAGE, object=0BJ1)

RESULT=IMAGE®

\i »,

Gupta et al “Visual Programming: Compositional visual reasoning without training”. 2023.
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VisProg (visual programming)

IMAGE: Prediction: IMAGE®

Instruction: Replace desert with lush green grass

Program:

0BJ@=Seg(image=IMAGE)

OBJ1=Select(image=IMAGE, object=0BJ@, query=‘desert’, category=None)
IMAGEO@=Replace(image=IMAGE, object=0BJ1, prompt=‘lush green grass’)
RESULT=IMAGE®

Gupta et al “Visual Programming: Compositional visual reasoning

without training”. 2023.
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Final Note: Omni Models (Beyond Vision + Language)

Started with GPT-40 in 2024
Recently, Thinking Machines + Gemini have introduced their own
models as well

.
Train a model to unput and output in

Transformer , audio, and video.

T
[”:":":IIIIIIII III Thinking Machines post from 2 weeks ago
Google blog post from 3 hours ago
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https://thinkingmachines.ai/blog/interaction-models/
https://blog.google/innovation-and-ai/models-and-research/gemini-models/gemini-omni/

Summary

Large Scale
Diverse
Dataset

Foundation
Model

Fei-Fei, Adeli, Durante, Johnson, Xiang

Lecture 1618

May 26, 2026



IMAGENEY

DATASEY RESNET101 CLIPVIT-L

. o 2 -
2. Create dataset classifier from label text g g gﬂ"ﬂ@% 76.2% 76.2%

ImageNet
[ B
dog

Encoder ImageNet V2

7w, (ST FR—
:”E‘/‘ el & 3 88.9%

ImageNet Rendition

3. Use for zero-shot prediction n“ W% . :
n T Ty T 4

72.3%
ObjectNet

Imnage X s £
.—' I —— 4 & 4nogn - A - D —
=\ ‘
T < 60.2%

ImageNet Sketch

= - Nemm
A s 77.1%

ImageNet Adversarial
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Summary

Input Prompt

| —

[ # Completion J

r N

J

a flamingo. They are

This is a chinchilla. This is a shiba. They

' q £ R found in the
They are malvnly found are very popular in This is Caribbean and South
in Chile. Japan. 2
America.
J . —y
™ r Y

What is the title of this
painting? Answer: The
Hallucinogenic

What is the name of
the city where this was | ——> Arles.
painted? Answer:

Where is this painting
displayed? Answer:
Louvres Museum, Paris.

Toreador.
o b o~
N\ s Y
OQutput: "Underground” Output: "Congress” OQutput: —_ "Soulomes”
7 . -
N r ™~
2+1=3 — - 5+6=11 —_— 3x6=18
o ~ 7
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Summary

p=
(- B Instruction: Hide the face of Nicole Kidman with :p
& s Y Progras:
What does A platypus 0B)0Facedet (imagesINAGE)
looks like a 08)1«Select(image«IMAGE, object«08)2, query=‘Nicole Kidman’)
a platypus ’ ' v b IMAGES+Emoji(1mage~IMAGE, object«08)1, emojie‘face_with_tongue’)
’ beaver with o | mESULT=IMAGE®
look like? : 5
a ducks bill g Instruction: Create a color pop of the white Audi
x Program:
: < 0B)@=Seg( image~IMAGE )
> : ] OB)1=Select(isage~IMAGE, object=08)9, querys‘white Audi’)
Goldfish are small orange fish £ :?:a?'f::z:”“"'mm' object«0831)
. . LT
with shiny scales &
o Instruction: Replace the red car with a blue car
tvous looks like a beave Program:
A platypus looks like a beaver b S
with a ducks bill OB)1=Select(image=IMAGE, object=08)9, querys=‘red car’)
. IMAGEQ«Replace(image~IMAGE, object«08)1, prospts«‘blue car’)
RESULT~IMAGED
.
,., ,‘, Instruction: Replace the BMN with an Audi and clowdy sky with clear sky
Program:

Image encoder Text encoder Prompt

4 4

Program

08)0=Seg( inage~INAGE)

0B)1«Select(image~IMAGE, object«08)9, query=‘BMw')
IMAGE@=Replace(image~IMAGE, object«08)1, prospt«‘Audi’)
08)1xSeg( image~IMAGED)

0B)2eSelect(image~IMAGED, object=0B)1, query=‘cloudy sky’)
IMAGE1«Replace(image«IMAGED, object«08)2, prompt=‘clear sky')
\_ ) RESULTIMAGEL
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Next time: World Models
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