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Announcements

- Detailed project instructions are now posted on the course website

- See the end of the project instructions document for example project ideas
- Project proposal is due Wed Oct 23

- Alis due Wed Oct 16

Serena Yeung-Levy
Xiaohan Wang
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Finishing up from last lecture:
Vision-Language Representation Learners
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Xiaohan Wang
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Language Supervision Is not New

7 2008
S a brown and white puppy
Attention Heads:
A=H/64
Feedforward
- Size: F =4 H
[sOS] a brown and white ...
0
’]}"‘*rﬂ Visual Backbone apples at looking lawn green
o* esNet-50
\ ® ) ° Masked Multi-
ety Head Attention
. K: ke o
A brown and white puppy Vveive ﬂmdi
lying on a green lawn Visual Features [EOS] apples at looking lawn ... (size H) i 4
looki t les.
OOKiNg at apples (7 x7xH) Textual Head | Word + Position Embedding |

Image-conditioned Bi-directional Next Token Prediction

VirTex (Desai, Johnson 2020)
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Language Supervision Is not New

tv ~ Image v (U_> )
Xy Encoder f'U h’v Voo §€ U
[ Heart size is enlarged. .. ]
C idati bu & Text o #p(u—v)
Xu [ Clear consolidation at... ] — X, Encoder fu hu u f
[ No abnormality seen ... ]

Contrastive Learning of Medical Visual Representations from Paired Images and Text

ConVIRT (Zhang et al. 2020)

Serena Yeung-Levy
Xiaohan Wang
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Language Supervision Is not New
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Image-conditioned masked language modeling

ICMLM (Sariyildiz et al. 2020)
Serena Yeung-Levy
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Why CLIP Achieves Such Success

> Transferability:

» Bridging Vision and Language
> Scalability:

» Large-Scale Pretraining on 400M Data
> Simplicity:

» Contrastive Learning Enables the Large-Scale Pre-Training

Serena Yeung-Levy
Xiaohan Wang
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Understanding the Embedding Space of CLIP
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Modality Gap Phenomenon: Paired text embeddings and visual embeddings are not exactly matched

Modality Gap (Zhang et al. 2022)

Serena Yeung-Levy
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Understanding the Embedding Space of CLIP

Vision Text

feshot Transformer Transformer
Initialization: = ‘ 80000 ‘ o000 ‘
Pretrained **° = 8000 = o -
Input: x Avg=0.56 z: Avg=0.47 x Avg=0.51
Real Data 3 i i i X h
Initialization: " 125000 ‘ s
Random .. . 60000
Input: weo AVG=0.99 " Avg=0.72 ... Avg=0.67
Real Data ”°°‘°’ “°°Z ’°°°: ‘
Inltlal'zatlon: 80000 ‘ 80000 ‘ 80000 ‘
Random 60000 = 60000 = 60000 !
Input: woo AVG=0.999 0ee Avg=0.94 .00 Avg=0.41
Random Noise™” ‘ = ‘ - ‘

(a) Cosine similarity between random pairs of output features

Cone Effect: General Phenomenon for Any Deep Neural Network

Modality Gap (Zhang et al. 2022)
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Understanding the Embedding Space of CLIP

Two encoders produce two cones

Modality Gap (Zhang et al. 2022)

Serena Yeung-Levy
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Understanding the Embedding Space of CLIP

YA

Contrastive Learning Preserves the Gap

Modality Gap (Zhang et al. 2022)

Serena Yeung-Levy
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Contrastive Learning with Noisy Text Supervision

Pre-training

I Contrastive Learning |

Adapton D, Test

AE<En

' ; NAp-— \
Text \\/ Image ! ‘ﬂ‘»m‘: | “\
Encoder Encoder = | Cg P mopk ] 11 g n| | eee
S RGN ég\[I-IHII}%m ;
Noisy Image-Text ! P [m S M] {i !ﬁ"ﬂ W
Data o S
ImageNet (Deng et al. 2009) Visual Task Adaptatlon Benchmark (VTAB)
1 SB |mage teXt palrS figure credit to (Krizhevsky et al. 2012) (Zhai et al. 2019)

Fine-grained Image-Text Retrieval / Flickr30k (Plummer et al. 2015), MSCOCO(Chen et al. 2015), ...

“Roppongi Hills Spider at night” “original picture of
: monet haystack”

“monet haystack png” ; "
3 - - = ‘snow’ mmp |

“haystack series -

monet art institute of :

chicago”

(A) Text -> Image Retrieval : (B) Image -> Text Retrieval : (C) Image + Text -> Image Retrieval

ALIGN (Jia et al. 2021)
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Contrastive Learning with Noisy Text Supervision

Model | ImageNet ImageNet-R ImageNet-A ImageNet-V2

CLIP 76.2 88.9 77.2 70.1
ALIGN | 76.4 92.2 75.8 70.1

Comparable Performance with CLIP on ImageNet

ALIGN (Jia et al. 2021)

Serena Yeung-Levy
Xiaohan Wang
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How to Reproduce CLIP?

> Data: Open large-scale datasets LAION-400M/2B
> Model:

» Same transformers as CLIP: ViT-B/32, ViT-B/16, ViT-L/14

» Even larger transformers: ViT-H/14 and ViT-G/14
> Compute: up to 1520 NVIDIA A100 GPUs

OpenCLIP (Cherti et al. 2022)

Serena Yeung-Levy
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BIODS 276: Adv. Topics in CV and Biomedicine Lecture 6 - 14



How to Reproduce CLIP?

OpenCLIP
— CLIP
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OpenCLIP (Cherti et al. 2022)
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How to Improve CLIP?

I. Train 2. Filter 3.Train

HQ Data DFN Uncurated Data ~ DFN Induced Dataset  Final Network

Larger and Better Data

DFN (Fang et al. 2023)

Serena Yeung-Levy
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How to Improve CLIP?

Accuracy vs Compute Tradeoff
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DFN (Fang et al. 2023)
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How to Improve CLIP?

Modified Loss Function to
decouples the batch size
from the comparison

|B| |B]

ZZIOg 1+ ezw( tx; - y:,—l—b)

2131
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Larger Data: WebL| 10B/12B

SigLIP (Zhai et al. 2023)
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Algorithm 1 Sigmoid loss pseudo-implementation.

# img_emb : image model embedding [n, dim]
# txt_emb : text model embedding [n, dim]

# t_prime, b : learnable temperature and bias
#n : mini-batch size

t = exp(t_prime)

zimg = 12_normalize (img_emb)

ztxt = 12_normalize (txt_emb)
logits = dot(zimg, ztxt.T) » t + b

labels = 2 x eye(n) - ones(n) # -1 with diagonal 1

1 = -sum(log_sigmoid(labels * logits)) / n

Lecture 6 -



How to Improve CLIP?

Method Image Encoder ImageNet-1k COCOR@1
ViT size  #Patches  Validation v2 Real.  ObjectNet I-T T—1
CLIP B 196 68.3 61.9 - 553 524 331
OpenCLIP B 196 70.2 62.3 - 56.0 59.4 423
EVA-CLIP B 196 74.7 67.0 - 62.3 58.7 422
SigLIP B 196 76.2 69.6 82.8 70.7 64.4 47.2
SigLIP B 256 76.7 70.0 83.1 71.3 65.1 47.4
SigLIP B 576 78.6 72.1 84.5 73.8 67.5 49.7
SigLIP B 1024 79.2 73.0 84.9 74.7 67.6 504
CLIP L 256 755 69.0 - 69.9 56.3 36.5
OpenCLIP L 256 74.0 61.1 - 66.4 62.1 46.1
CLIPA-v2 L 256 19.7 72.8 - 71.1 64.1 46.3
EVA-CLIP L 256 79.8 72.9 - 75.3 63.7 475
SigLIP L 256 80.5 74.2 85.9 719 69.5 51.1
CLIP L 576 76.6 72.0 - 709 57.9 37.1
CLIPA-v2 L 576 80.3 73.5 - 731 65.5 47.2
EVA-CLIP L 576 80.4 73.8 - 784 64.1 479
SigLIP L 576 82.1 75.9 87.0 81.0 70.6 52.7
OpenCLIP G (2B) 256 80.1 73.6 - 73.0 67.3 514
CLIPA-v2 H (630M) 576 81.8 75.6 - 774 67.2 49.2 Th e be st C LI P m Ode I
EVA-CLIP E (5B) 256 82.0 75.7 - 79.6 68.8 51.1
SigLIP SO (400M) 729 83.2 77.2 87.5 829 70.2 52.0 20 24/ 10

SigLIP (Zhai et al. 2023)

Serena Yeung-Levy
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How to Improve CLIP?

Caltech101 Prompt Accuracy Flowers102 Prompt Accuracy
a [CLASS]. 82.68 . a photo of a [CLASS]. 60.86
a photo of [CLASS]. 80.81 a flower photo of a [CLASS]. 65.81
a photo of a [CLASS]. 86.29 a photo of a [CLASS], a type of flower. 66.14
[V]1 [V]; ... [VIm [CLASS]. 91.83 [V]: [V]; ... [V]m [CLASS]. 94.51
(a) (b)
Describable Textures (DTD) Prompt Accuracy EuroSAT Prompt Accuracy
T g W8Sl aphoto of a [CLASS]. 39.83 a photo of a [CLASS]. 24.17
a photo of a [CLASS] texture. 40.25 a satellite photo of [CLASS]. 37.46
[CLASS] texture. 4232 a centered satellite photo of [CLASS]. 37.56
[V11[V]: ... [VIm [CLASS]. 63.58 [V]: [V]; ... [VIm [CLASS]. 83.53

(c) (d)

Prompt Engineering vs Context Optimization

CoOp (Zhou et al. 2021)

Serena Yeung-Levy
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___________

How to Improve CLIP?

[CLASS]

/

text encoder

-

3

airplane

butterfly

pizza

CoOp (Zhou et al. 2021)
Serena Yeung-Levy

\

image encoder

text
features

similarity
scores

image k
features maximize the score for the
ground-truth class

Learning to prompt for few-shot classification

BIODS 276: Adv. Topics in CV and Biomedicine
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How to Improve CLIP?

Average over 11 datasets

75 1
701
65
60 M denotes the context length. “end”
9 Z6ro-shot or “mid” means putting the class
w554 CLIP token in the end or middle. CSC
§ means class-specific context.
301 —— CLIP + CoOp (M=16, end)
45 —— CLIP + CoOp (M=16, mid)
—=— CLIP + CoOp (M=16, end, CSC)
40 1 ; —e— CLIP + CoOp (M=16, mid, CSC)
H - Linear probe CLIP
3547 : : ;
0 1 2 4 8 16
Number of labeled training examples per class
CoOp (Zhou et al. 2021) CoOp effectively turns CLIP into a strong few-shot learner

Serena Yeung-Levy
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Apply CLIP to Different Tasks

¢ Training
CroPped ﬁ Pretrained = [ [
] Regions Image Encoder : . Knowledge Distillation Ll
\ 1
_ ‘ .
3 \
conv_ | ‘R
] RolAlign 7 3
ﬁ conv S R, R;B; .. RyB, ———————— Cross entropy loss
B: B2 Bn
top sign
Base
Categori
g car A‘ GP:‘O'O °f’ Pre-trained
Qice = &:g::e Text Encoder
Novel
Categori \apponian
herder
Inference

2 1

Backbone | |/ 1 . @L R, RB, R .. RB, A
+ RPN RolAlign

2By | ReB [ o | ReB. [ RN

Open-Vocabulary Object Detection
ViLD (Gu et al. 2022)
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Apply CLIP to Different Tasks

Method Training source Novel AP Base AP Overall AP
Bilen & Vedaldi (2016) : : 19.7 19.6 19.6
Ye et al. (2019) image-level labels in ' U Cn 203 20.1 20.1
Bansal et al. (2018) 0.31 29.2 24.9
Zhu et al. (2020) instance-level labels in C's 3.41 13.8 13.0
Rahman et al. (2020) 4.12 35.9 27.9
: image captions in Cp U Cn
Zareian et al. (2021) instance-level labels in C's 22.8 46.0 39.9
CLIP on cropped regions . . 26.3 28.3 27.8
ViLD-text ‘m?ge“e’“ pairs g“fﬁlgfe")“et 5.9 61.8 472
ViLD-image . “tlay "01“ a‘i‘l iy 24.1 34.2 31.6
ViLD (w = 0.5) instance-fevel labels In &b 27.6 59.5 51.3

Open-Vocabulary Object Detection 4.8% T

VILD (Gu et al. 2022)
Serena Yeung-Levy

Lecture 6 - 24
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Apply CLIP to Different Tasks

Annotations of seen classes upsampling * argmax e RY
p EEEE
people
A photo ofa {} [car] ———» CI% 1Y Rext =) building pcople  car bus
bus Achder A N
[bus] Q%  “CmaskseR
Training: Seen Ci ' P x3)
raining: Seen Classes ” ” -
Inference: SeenU Unseen Classes Dgilrz::::c:lrs'(ll;ﬁ)) j
Subsec. 3.5 ‘
\ Non-mutually < !:_ﬂ.
|% ? g Exclusive Loss '
CLIP Image 4?-1 ]-k (NEL) Subsec. 3.4 B :
Encoder cis| token }
Text-Patch K Linear %
m Matching
i S Decoder ]
e %z | || /
Baseline framework: ' ' ' ' .
Subsec. 3.2 Deep Prompt N(A)trm N(A)rrm N(}rm
Tuning (DPT) e
E L bl y .
BFrozen Ml Leamable Subsec. 3.3 9 N Patch embeddings TeR™ geR’ HeRY™

CLIP for Zero-shot Semantic Segmentation
ZegCLIP (Zhou et al. 2021)

Serena Yeung-Levy
Xiaohan Wang
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Apply CLIP to Different Tasks

PASCAL VOC 2012

Methods pAcc mIoU®S) mloU(U) hloU
Inductive

SPNet [44] - 78.0 15.6 26.1

7ZS3 [3] - 77.3 17.7 28.7

CaGNet [17] 80.7 78.4 26.6 39.7

SIGN [10] - 75.4 28.9 41.7

Joint [1] - 77.7 32.5 45.9

ZegFormer [12] - 86.4 63.6 73.3

zsseg [49] 90.0 83.5 72.5 71.5

ZegCLIP (Ours) 94.6 91.9 77.8 84.3

CLIP for Zero-shot Semantic Segmentation 5.3% T

ZegCLIP (Zhou et al. 2021)

Serena Yeung-Levy
Xiaohan Wang
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Apply CLIP to Different Tasks

Similarity
me
( Similarity Calculator :
| Video Encoder (ViT)
é ,,,,,,,,,,, 9) é [5 & (g [g @ oy
Text Embedding “
representation / e
[class] embedding g
Text Encoder (Transformer) / - # Lmear Pro_]ectlon of Flattened Patches

“Tddadadd € me éé«u

(a) Main structure

———————————————————————————————————————————————————————————————————————————————————

Mean Pooling ) Transformer Encoder / LSTM

iH(g—M“ @ﬂg@&@%&@&@&éé@émﬁfﬂ“@&@é@&@é@é@ﬁ

r:prusma jon —————
dddddd

___________________________________________________________________________________

(b) Similarity calculator

CLIP for Video Retrieval
CLIP4Clip (Luo et al. 2021)

Serena Yeung-Levy
Xiaohan Wang
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Apply CLIP to Different Tasks

Methods TrainD E2E R@11 R@51 R@101 MdR} MnR|
MIL-NCE™ H v 99 240 324 295 -

Methods TrainD E2E R@11 R@5t R@10t MdR| MnR| ~ CLIP-staight™ W v 312 537 642 4 -
C+LSTM+SA® M v 42 129 199 55 - (b) Zero-shot
VSE! M v 38 127 171 66 -
SNUVL® M v 35 159 238 44 - -
Kaufman et al.9 M v 47 166 241 41 i Methods TrainD E2E R@11 R@51 R@10t MdR] MnR|
CT-SAN® M v 44 166 223 35 - CE° M 209 488 624 6 282
JSFusion/ M v 102 312 432 13 - MMT? H+M 266 57.1 69.6 4 24.0
HowTol00M¥¢ H+M v 149 402 528 9 - AVLnet? H+M 27.1 556 66.6 4 -
ActBERT" H+M 8.6 234 331 36 - SSB™ H+M 30.1 585 693 3 -
NoiseE! H+M 174 416 536 8 - MDMMT*® MD+M 389 69.0 79.7 2 16.5
UniVL/ H+M 212 496 63.1 6 - Frozen® CW+M v 31.0 59.5 705 3 -
HEROF H+M 168 434 577 - - HiT* H+M 30.7 60.9 732 2.6 -
C]ipBERTl C+G+M v 220 468 599 6 - TT-CE+? M 206 616 742 3 -
(Ours)-meanP W+M v 421 719 814 2 15.7 (Ours)-meanP W+M v 431 704 808 2 16.2
(Ours)-segLSTM W+M v 417 68.8 78.7 2 16.6 (Ours)-seqgLSTM W+M v 425 70.8 807 2 16.7
(Ours)-seqTransf W+M v 420 68.6 78.7 2 16.2 (Ours)-seqTransf W+M v 445 714 81.6 2 153
(Ours)-tightTransf W+M v 378 684 784 2 172 (Ours)-tightTransf W+M « 40.2 71.5 80.5 2 134
(a) Training on Training-7K (c) Training on Training-9K

CLIP for Video Retrieval 20.1% 1T
CLIP4Clip (Luo et al. 2021)

Serena Yeung-Levy
Xiaohan Wang
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Apply CLIP to Different Tasks

“a corgi

playing a .
flame T

throwing s
S6600[

trumpet”
O O O
O>»O» ) —»
00 G

prior decoder

Hierarchical Text-Conditional Image Generation with CLIP Latents
DALL-E 2 (Ramesh et al. 2022)
Serena Yeung-Levy
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Apply CLIP to Different Tasks

%

Lecture 7 | | o

vibrant portrait painting of Salvador Dalf with a robotic half face a shiba inu wearing a beret and black turtleneck aclose up of a handpalm with leaves growing from it

a corgi’s head depicted as an explosion of a nebula

DALL-E 2 (Ramesh et al. 2022) Hierarchical Text-Conditional Image Generation with CLIP Latents
Serena Yeung-Levy

Xiaohan Wang
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Apply CLIP to Different Tasks

Meta MovieGen 2024

Text input summary: A red-faced monkey with white fur is bathing in a natural hot
spring. The monkey is playing in the water with a miniature sail ship in front of it,
made of wood with a white sail and a small rudder. The hot spring is surrounded by
lush greenery, with rocks and trees.

Serena Yeung-Levy
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Apply CLIP to Different Tasks

Small infiltrative-looking glands with crystal-
loid secretions are suspicious for prostatic adeno-
carcinoma.

Nevoid melanoma with atypism, poor maturation
and dermal mitoses.

Herd of trichomonads set on a squamous epithe-
lial cell.

Lecture 6

ga 5%!

é. éﬂunx @«s

gl CYEEEY oI v i

_-.:J %. @'-1 s 3-

Text encoder

Image encoder

I1 ‘T1

LT,

I3. T,

1T

Fine-tuning CLIP on Pathology Image-Text Pairs

PILP (Huang et al. 2023)
Serena Yeung-Levy
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Apply CLIP to Different Tasks

Lecture 9 Language Response Xa

NOO A66

Proiecti
rojection W Z. H, %Hq

Language Model f¢

Vision Encoder

/

CLIP Visual Encoder

X, Image Xq Language Instruction

Visual Instruction Tuning

LLaVA (Liu et al. 2023)

Serena Yeung-Levy
Xiaohan Wang
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Apply CLIP to Different Tasks

* ED Transmittance loss
¢ ‘CT encouraging sparsity

a i

- . Transmittance f‘iﬁ @

= E-l- |
Aumontd Lo G g ;

Neural Radiance Field

Caption: “Washing blueberries” I:> I:>

CLIP for Zero-shot 3D Object Generation

DreamField (Jain et al. 2022)

Serena Yeung-Levy
Xiaohan Wang
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Region-based CLIP

ml A small vial

\Two syringes

Localization
Loss

Prompt P1 P2 Pum Pum
Pers | Bicyc #dry —
) . o le Hair o Word
Person. Bicycle ... Hairdryer. Gl : Feat RCsing
i oText | po_,| eeRt | [ et | b
Encoder : P Layer Layer A o prote | gogg i i
e AL ) A sl e s Two syringes and a small vial
A woman holds a blow dryer, o ; : of vaccine.
wearing protective goggles P Pt 01Py| o |01 Puca] O3 - Py —
Fusion Fusion .
0y-Py [ . S0 S
0 . ’ ; Alignment playa esmeralda B
: 0L . Word-Region J S =
t2i tai Alignment Score 05~ Pu Lo beautiful caribbean sea i i
0" DyHead : DyHead prLoise ’
—-’0 —| Module | .>| Module - AN
B Oy Pyl .. e On- Pyl 3 s
Deep Fusion e il playa esmeralda in holguin,
Region Features | [ [ | [ [ cuba. the view from the top of

the beach. beautiful caribbean
sea turquoise

GLIP (Li et al. 2022)

Serena Yeung-Levy
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Region-based CLIP

ml A small vial

\Two syringes

Localization
Loss

Prompt P1 P2 Pum Pum
Pers | Bicyc #dry —
) . o le Hair o Word
Person. Bicycle ... Hairdryer. Gl : Feat RCsing
i oText | po_,| eeRt | [ et | b
Encoder : P Layer Layer A o prote | gogg i i
e AL ) A sl e s Two syringes and a small vial
A woman holds a blow dryer, o ; : of vaccine.
wearing protective goggles P Pt 01Py| o |01 Puca] O3 - Py —
Fusion Fusion .
0y-Py [ . S0 S
0 . ’ ; Alignment playa esmeralda B
: 0L . Word-Region J S =
t2i tai Alignment Score 05~ Pu Lo beautiful caribbean sea i i
0" DyHead : DyHead prLoise ’
—-’0 —| Module | .>| Module - AN
B Oy Pyl .. e On- Pyl 3 s
Deep Fusion e il playa esmeralda in holguin,
Region Features | [ [ | [ [ cuba. the view from the top of

the beach. beautiful caribbean
sea turquoise

GLIP (Li et al. 2022)

Serena Yeung-Levy
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Assembling Open-World Models for
Diverse Visual Tasks

)

, furniture, picture, pillow, plant, room"/

e 44 SR

K “There are two dogs playing with a stick on the beach”

ik TR
, carpet, dog,

“armchair, blanket,

BLIP & RAM + Grounded SAM: Automatic Dense Image Annotation System

Grounded SAM (Ren et al. 2022)
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Assembling Open-World Models for
Diverse Visual Tasks

\

Grounded SAM + OSX: Promptable Human Motion Analysis

Grounded SAM (Ren et al. 2022)
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Next:
Vision-Language Representation Learners in
Biomedicine
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Early work on vision-language representation learning in radiology

- ConVIRT performed contrastive learning on radiology image-report pairs. It was
inspired by SImCLR, and was a precursor to CLIP.

t'U - | g'u
Xy Enr::ﬁ:r f 0] h'l? v .............. | % E(ﬂ—}u)
[ Heart size is enlarged. .. ] t
Xu [ Clear consclidation at... ] _1'..5. iu En-:::lter fu hu
[ Mo abnormality seen ... ]

Zhang et al. Contrastive Learning of Medical Visual Representations from Paired Images and Text. MLHC 2022.

Gu
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Early work on vision-language representation learning in radiology

- ConVIRT performed contrastive learning on radiology image-report pairs. It was

inspired by SImCLR, and was a precursor to CLIP.

[ Heart size is enlarged. .. ]

[ Clear consolidation at... ]

Xu

[ Mo abnormality seen ... ]

mage
ext

ful hy

T
Encoder

Used nonlinear projection
heads as in SIMCLR, that
CLIP removed

g

v
Gu

Zhang et al. Contrastive Learning of Medical Visual Representations from Paired Images and Text. MLHC 2022.
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Xiaohan Wang
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Early work on vision-language representation learning in radiology

- ConVIRT trained on MIMIC-CXR (~217K image-text pairs), with random sampling
of sentences from radiology reports. Outperformed image-only self-supervised
learning from MIMIC-CXR for downstream classification and retrieval tasks.

RSNA CheXpert Image-Image

Method (Linear, 1%) (Linear, 1%) (Prec@10)
ImageNet 82.8 75.7 14.4
SimCLR (Chen et al., 2020a) 86.3 77.4 17.6
MoCo v2 (Chen et al., 2020b) 86.6 81.3 20.6
ConVIRT 90.7 85.9 42.9

Zhang et al. Contrastive Learning of Medical Visual Representations from Paired Images and Text. MLHC 2022.
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CheXzero: leveraged CLIP to improve on ConVIRT and
demonstrate zero-shot capabilities
- Compared to ConVIRT, updated to the same architecture as CLIP (better encoders, no

nonlinear projection) as well as CLIP-pretrained weights.
- Also used the “impressions” section of the radiology report instead of ConVIRT sampling.

a  ChaXzaro training with chest X-ray mage repart b CheXzero zero-shot pathology classification
Pasitive prompt
P r {Pathalogy}
F 4 : Megative prompl
Opacity in the right lower lung
: zone with sharmp margin Mo {Pathelogy}
suggestive of lobar
-
¥
L

prigumonia ‘ 5
Text transformee

I I '
- - Normalized
Vislon transformer Teod transiormer YOITHaR Vision transicrmer
similarities
|« CLIP pre-trained

Tiu et al. Expert-level detection of pathologies from unannotated chest X-ray images via self-supervised learning. Nature Biomedical Engineering, 2022.
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CheXzero: leveraged CLIP to improve on ConVIRT and
demonstrate zero-shot capabilities

Model Mean AUC
Supervised DAM 0.931
Comparison with other supervised DenseNet-121 0.902
and self-supervised approaches on Self-supervised GLoRIA® 0.534
the CheXpert test dataset ConVIRT- ResNet-50—1% 0.870
ConVIRT- ResNet-50—10% 0.881
ConVIRT-ResNet-50—100% 0.881
ConVIRT-ViT—1%? 0.725
ConVIRT-ViT—10%" 0.809
ConVIRT-ViT—100%" 0.856
MedAug—1% 0.810
MoCo-CXR—1% 0.802
MoCo-CXR—10% 0.850
MoCo-CXR—100% 0.884
CheXzero—0% 0.889

Tiu et al. Expert-level detection of pathologies from unannotated chest X-ray images via self-supervised learning. Nature Biomedical Engineering, 2022.
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PLIP: vision-language foundation model for pathology trained from
Twitter

- Curated and trained on OpenPath: 208,414 image-text pairs scraped from the

Internet, mostly from Twitter

b
Date range: 21 March 2006 15 Movember 2022
OpenPath dataset

#FAULODSY ) EMN Textin Eﬂgu!h {? NE,504
#BloodBank = RT Mot retweet - posts
#blooducation < Not sensitive Image
’ P Twitter

BreastPath . =
#BSTpath L Text 59,869
#CardiacPath w7 Reply with Y Rermove valid replies
#ClinPath most likes ., non-pathalogy

i | images
#RenalPath r.‘-';
paureth @ Notwith PathLAION
question mark
T Textcleaning
32 hashtags Image-lext pairs

Huang et al. A visual-language foundation model for pathology image analysis using medical Twitter. Nature Medicine, 2023.
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Zero-shot classification using PLIP

Kather colon PanNuke
0565 D656
06 - (0.559-0.572) (0.639-0,667)
a ——
-~ i 06
Textinput: | Tumor 9 — 05
— o 8 o 0s.
. R | ; § 04 fossiosen
: - 03 1 -
sthels LS 0135 w
__,,J— I ) 02 10.130-0.40) 0.2 4
o 4
T T, Ty To o o4
CLIP baseling PLIP CLIP baseline PLIP
image | a 008 0”2 -+ 0M £33 CLIP baseline
== PLP
e An H&E image of tumor DigestPath WSSS4LUAD
b 0832 0734
Kather colon dataset PanNuke dataset DigestPath dataset WSSSALUAD dataset (0.625-0634) 248 1 (0.723-0.745)

Tumor

o8
by w L A . ' B P
s N b o e ey 8 8 o
MUC OIS eans : ‘ 7 Frm c
,f'.x';}“ 0233 (1T 3 e :
wamy gL, oM Ployr v S EEORE L wmmasw 0.2 1
NORM SR Normal N
A0 HAE wnage of (ywoed) A HAE image of (taywoed) tissie An HAE Image of eywoed) tissss An HAE Image of (keyword) tissue CLIP baseline PLIP CLIP baseline PLIP

Huang et al. A visual-language foundation model for pathology image analysis using medical Twitter. Nature Medicine, 2023.
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Text-to-image and image-to-image retrieval

Text-to-image retrieval: Image-to-image retrieval:

Breast tumor surrounded by fat e -
{4+ Dropfile here ' Browse files |

Most relevant image (similarity = 0.2994)

Huang et al. A visual-language foundation model for pathology image analysis using medical Twitter. Nature Medicine, 2023.
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Quilt-1M: expanding pathology vision-language training data using

YouTube

@ Image

Extract histopathology images

,ﬁ! Data

Medical text
ROI text

% UMLS entities
. Ke— @ Sub-pathology

Speechtotext ¢ .'
um | [ Gum Mo ROl o/ Qﬁ Magnification )

SOw® = gL |7

Medncal RO! pneiocy

Blurry images| &
9y s

lQSearch

o

|§—fJ Text

Text correction

Text extraction

Ikezogwo et al. Quilt-1M: One Million Image-Text Pairs for Histopathology. NeurIPS 2023 Datasets & Benchmarks
' Lecture 6 - 48
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An LLM was used to process noisy speech transcription into
corrected and structured texts for CLIP training

Extract sedically relevast infossaries frem the following text, iacluding may physical

dyaten Frompt: descriptions of attestiss to specific regisss or conceprs.
Usse P Pleass extract the key sedical isforsation frea the following text, Sacluding any
i ¥ descripticas of physical charactsrissics < t

muuﬂ “!“

Alepa, far I?II axtract anly lﬂlﬂlj’ Talovant
IMHH “‘I the parrator i@ phyaically mlhlmllﬂ. attestics to &

Systes Frospt: You are an Automatic spesch mecogniticn’s soisy medical text
correction sngine —— 3 3 :
Thinking step by step, Acting as a medical/histopathology sxanplon: u-:l.und in sems dstall that arises withis the pir:l.n-dm:.u. 1igaBanT Sp&CE,

ticularly the periapex fros the epitbelial cell of malassez, Aa a result of
inflassavion followisg the death of the pulp sxvending ists the periapical radixz, the
waulting in the developmant of cysts.®:

User Prospt: | oeology/gloseary and a medical search-sagine return bast
replacesants for words im incorrect list provided. the text is froa
a= ASR so make that Sato coasideraties, cetput the right phraded in
eomtayt to the previsus statesancs and sedical facrualicy.
- dicular cyst arises vithim the pariodontal ligasent space, particalarly the
periapay from the spithelial cell of salasser. ™, “Thass rediculay cysts are chmsed by
iaflassation followizg the death of the pulp exztending iate the periapical Hd-i:-"'l.
*ROI": [®Radicolar cyst within the pericdsatal ligasent spacs.®, *loflassarien

Faw-shot  [oqmp, post comson -is the radicular cyst. We'we already discessed in

SXARPLABI | oy detail that _the periaper frem the spithelial risks of malacid.
As a result of inflassation. parissapical race, the resslti=g in the

rda: [‘perisespical race']®: : s : o E—
paTianapical race”: “parispical radiz®. [TRFIT: 50 pigmented purpuric QerBatoBiS, and thay, SOme pecple TOLOK At 1east 508 01
+ "mmconditioned_outpet®:{*spithelisl risis of the cased a¥e B lysphecylic vasculitis that the lysphocytes are dasaging the vesdels.
malacid®: “spithelial cell of salassez®}} Moy, fine. Haybs o, becauss thers is besorrhage, but they des't usually havs
sestrophils, They dem't Bave leukocymoclastic wasculitis. That®s a pigmented parperic
INPUT S0 pigmesat and parparic dersatsais, and they, some people. dsrmatosis. eleevhers, but if I had & bicpey, we'd just ome area, like that, I°d
zeutTophile, They dem't Bave lupusideclastic vasculitis. That®s a pretably say DFEP, axd with a comsent that there's an sres that startsd to pet
pig=ect and parparic dersatoais... hod although the viros arcosadus particular, and I'm comcerned it could be fibrosarcomatons, compars it with the
OFiFs. Conditioning werds: ['parperic dermatosis', *lupusideclastic srcision specisen. The good neus, they're going o treat it the sass way. They tabe it
wasculitia']™: sEt with & BAFEIn, and thes we look At the whsls excision specises. And alvhengh the
‘??f fibrosarcosatous OFEPs . *
(RITPUT 1 { = ‘ pigmest asd parperic dersatoais®: OUTPT: igmented purpuric dermatosis may be a lymphecytic vasculitis, with
“pigmentad purpuric Ssrma +~lupurideciastic vasculitis®: ' J lymphiccytes dssaging the vessales and causing besorrhage.®,"Esetrophils are usually sot
®lawocytoclastic vascelitie®}, “unconditiessd sutput®: prasaat in this conditises.”."Leukocytoclastic vasculitis is not seen in pigeented
{*wirus arcomasdus”: "Fibrosarcosatous™}} parpuric dermatosis.®, *Biopay suggests Dermatofibroasrcosa Proteberans (DFSP).*1.
‘ROI": [*Pigmant and purpuric dermatosis.® . *Fibrosarcosstous DFSPe®])

lkezogwo et al. Quilt-1M: One Million Image-Text Pairs for Histopathology. NeurlPS 2023 Datasets & Benchmarks.
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4

Example of input narration with corresponding medical and ROI text

INPUT: " ...s0 here we have a huge lumen and we have
the lining epithelium and then we have the underlying
connective tissue capsule. let's see the features in detail
one by one. if you see this lumen lumen has sparse
amount of keratin. so definitely this is a keratinous cyst. so
we have a cyst that is actually producing keratin. let's move
into the epithelium and the epithelium if you carefully
observe most of the areas the epithelial appears uniform
lmdmessrigmmmhere

thcysnspmducmgkm indicating it is a
keratinous cyst.”,

“The epithelial lining appears to have uniform thickness®]
ROr |

“Sparse amount of keratin in the lumen.”,

‘uniform thickness of the epithelial lining]}

INPUT: " ,..tend to see some inflammation
here yes. when you notice this there is a den
amount of inflammation here yeah you see this
tiny blue dots these are the lymphocytes and
these cells are your inflammatory celis and
they are kind of having an effect on the
epithelium. if you see this epithelium because
of the inflammation the epithelium starts *
OUTPUT:

{MED'"{
*Dense inflammation is present in the region
with lymphocytes and other inflammatory cells
having an effect on the epithelial cells”]
'ROr:["dense inflammation here",

es”,

“lymphocyt
“inflammatory cells”]}

INPUT: " .. of a daughter cyst where you see so this
was an epithelial island with showing central
keratinization the cells producing lot of keratin and at
the same time you have the epithelium with the
lumen. so this forms a tiny daughter cyst and this is
one of the most important trees in why this keratocyst
has a high amount of recurrence rate. one more
important feature of odontogenic keratocyst is lies
within the epithelium.”

OUTPUT:

{MED'["The presence of daughter cysts is one of the
reasons for the high recurrence rate of kera ¥
“Epithelial islands with central keratinization and high
keratin production are seen in keratocysts"]
'ROI["epithelial island”,

“central keratinization®, "daughter cyst’]}

lkezogwo et al. Quilt-1M: One Million Image-Text Pairs for Histopathology. NeurlPS 2023 Datasets & Benchmarks.
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Sub-Pathology Categories Over ANl Videos TP 20 Semantic Types - 81.3%

Quilt-1M dataset - e
characteristics

RN RRRRRRNNY]

Therapeutc or Prewente ecoces [ ¢!

Percertige NI

(a) (b)

S inflammationchange CAS€ - .steu O
Img-Text Pairs over Sub-Pathology LT S e ' | ‘ e Q=
& . wually @ o se '-'((h
i 160000 y ~ A0 ol ow B M B g
gNOOOD o , epidermis :"' e g
% 120000 ves,sel U oo
ngOOOO inc u} g £ - JUan
£ G 28 N
5 80000 land e
& 60000 &4 Q'DS
2 V=
€ 40000 ~ +5
2 2o p resent:
§ [ [TTT T T m— 1agnos1sy
we *@“&‘?@“w L \°°’ sl E m a &
69 c L “° \3° @ o
a\ 1” <(J,o &o‘? t”b OQ_{p:‘\OQ - AY=pho QDJ.
& [% -
Q‘&“o’ ,g, +F s ¥ N lnomap«iltw Ha rea%

Ikezogwo et al. Quilt-1M: One Million Image-Text Pairs for Histopathology. NeurIPS 2023 Datasets & Benchmarks.
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Performance of QuiltNet vs baselines on zero-shot classification
tasks

91

Clip W BiomedClip N Plip B QuiltNet

10
5

SkinCancer PatchCamelyon — NCK-CRC MHIST LC25000Lung LC25000Calon BACH SICAPv2 Databiox SkinTumor

lkezogwo et al. Quilt-1M: One Million Image-Text Pairs for Histopathology. NeurlPS 2023 Datasets & Benchmarks.
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MONET: Leveraging a contrastively trained model to perform
dataset and model auditing

- Trained on 105,550 dermatology image-text pairs from PubMed articles and
medical textbooks

a Training model using contrastive loss b Overview of MONET—concept annotation and explanation
Image MONET
Co-embedding space of
. Imw and rext (concept) Annotated concepts
,-—‘”' * o « Asymmetrical T
P Pl Asyn*momca] . Ulcer §
' / Pigmented ] Ulcer" -Pigmented 1
List of concepts defined by users *\ . 2 * \; Evbame |
: Contrastive - o l Erythema/ / :
Asymmotnca ’
learning « Ulcer / \ Distance > /
« Pigmented N
This lesion is * Erythema Q: |m898 ___________ -
pigmented _. : % : Concept
and asymmetrical ;4_»
, A
PubMed articles \/ Enabling concept-driven analyses at muitiple phases
and textbooks MONET  Audit data
&+ *rcime
» Dovdoo interpretable model
(Model, data, and so on) 5

Kim et al. Transparent medical image Al via an image—text foundation model grounded in medical literature. Nature Medicine, 2024.
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MONET: Leveraging a contrastively trained model to perform
dataset and model auditing

Model auditing e Developing inherently interpretable model
Concepts

Diagnosis | Prob. ° Linsar iodel
— BN — | Malignant  0.21
Benign  0.79 ; Task
(2]
©
®

€ Data auditing

What input characteristic leads to model error?

—

Differentially expressed concept analysis Ervthem, red Warty, comedo
More present in malignant  More present in benign

HEE Ne bt s i T

True: benign True: malignant 0.58 0.75 0.64 oee
Reference sticker Predicted: malignant Predicted: benign

Kim et al. Transparent medical image Al via an image—text foundation model grounded in medical literature. Nature Medicine, 2024.
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Concept differences
iIdentified by MONET
during data auditing

All instiutions
A ISIC Emages (0= TO,515)

r T t T
=002 =00 a [aka]]
Expression differences

T
o2

Par institution

Med UL Vienna [n = 10,031)

o
MONET

Haosp. Barcelona (n = 2,271}

EI&

T T i T T
=002 =0 o am 00z

Kim et al. Transparent medical image Al via an image—text foundation model grounded in medical literature. Nature Medicine, 2024.
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Training at Med U. Vienna Testing at Hospital Barcelona

Concept differences SN _::mm

identified by MONET (¢) - Hi

during model auditing o
d Y T A D B i v e S A Vi
Rl VO LW

Black, crust. pige Regression structure, gray, plgment network. atrophy, red

EIII?J lll.l

Atrophy

uwmuw.mm Regrossion structure, PIgment network, gray, Myperpigrentation

B W~ IIIII

Atrophy, dermoscopic border

ENNLE B

. Matignant . Benign (upper left: true, lower right: predicted)

Kim et al. Transparent medical image Al via an image—text foundation model grounded in medical literature. Nature Medicine, 2024.
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Some more examples of CLIP-based foundation models...

b Zero-shot sssessment of
LVEF

EchoCLIP: Based on . -
1,032,975 video-text pairs : "’
(but trained on images) for
echocardiogram
interpretation

Predicted LVEF (%)
&

BHC | MK 7 S D6 f-1000
T T T 1

@

BI\:I ] ] ] L]
Circed-tngth LVEF (%)

Q@ Iero-shot iderdification of implanged
candiss devioes

Christensen et al. Vision—language foundation model for echocardiogram interpretation. Nature Medicine, 2024.
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Some more examples of CLIP-based foundation models...

c Vigion transformer

Spatial tokens
v | vt vanstormor | . RN

e

CT-CLIP: trained on
50,188 3D chest CT
volumes with

accompanying reports, GhestCT vlume LIl
using a previously |
developed 3D image [TI0
encoder SR
Rediology report ) Text transformer . E E g j g
e Findings + Impression [
— H [ e
- - §] I e
e E E--f-m-mwu
[ ] £l
-

Hamamci et al. A foundation model utilizing chest CT volumes and radiology reports for supervised -level zero-shot detection of abnormalities. arXiv, 2024.
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BiomedCLIP: Generalist foundation model trained on PubMed
© publfled |

Oyrecat Ooccx Fag. 2044 Mov. 26

HE Microsoft
MW Azure

PMC-15M: 15 million

image-caption pairs from “‘“‘:«:i‘fmm Oowrisa s i
4.4 million publicly Pl o i3 woman wi
available full-text articles st s Aot

» Copynght wnd Liownse indonmation

in PubMed Central \

Complete article D ‘

Cross-modal retrieval Image classification Visual question answering
packages are

downloaded, and figure
files and matching
captions are extracted

Zhang et al. BiomedCLIP: a multimodal biomedical foundation model pretrained from fifteen million scientific image -text pairs. arXiv, 2024.
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PMC-15M statistics of image sizes and caption lengths

A etd
e

0.0015 oatdr”
8 Ll
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Zhang et al. BiomedCLIP: a multimodal biomedical foundation model pretrained from fifteen million scientific image -text pairs. arXiv, 2024.
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BiomedCLIP comparison with baseline methods on cross-modal retrieval

A I BiomedCLIP (BERT) BiomedCLIP (GPT) s PubMedCLIP mm CLIP
80.8 84.5
801 : 80 | 78.0 3
729

70 1 70 4
g @ 560 : 801 565
© 9.7 49.7
E 50 1 _'é &0 1
j=! &
% 40 - E: 40 1
F 30 = 301

20 1 20 4

10 - 5 6.71 8.42 10 4 543 6.74 8.5

. 027 4 ol L e osoffl occffl]

Recall@1 Recall @5 Recall@10 Recall@1 Recall@5 Recall@10

Zhang et al. BiomedCLIP: a multimodal biomedical foundation model pretrained from fifteen million scientific image -text pairs. arXiv, 2024.
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W BiomedCLIP (BERT) PLIP . CLIP

B|Ome d CLIP - BiomedCLIP (GPT) [ | PuhMadCIééF: | :&dCLIP
. . 80
comparison with R . ” . °
baseline methods on <% o * .
. . 60 4 -
zero-shot classification ; . 5 7 S o
and linear probing 5. © 60 o »
“®“pcam  *°Lczsooo  °Lc2s000  °° RSNA TIL
(Lung) (Colon)
PCam
— — o
E_D-.
g
&
-
== BiomedCLIP =~ PubMedCLIP =—@= CLIP
zero-shot 19%-shot 10%-shot 100%-shat

. RSNA
Zhang et al. BiomedCLIP: a multimodal biomedical foundation model pretrained from fifteen million scientific image -text pairs. arXiv, 2024.
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BiomedCLIP
comparison with
baseline methods on
medical visual
guestion answering

(VQA)

Question: Are there multiple or What are the hyperdensities What is the biological
just 1 metastatic focus? on the periphery of the image? sex of the patient?

Answer: one ribs female

MEVF: right chest x storage of urine X inflammation ... X

QCR: no x intestine X treat brain diseases ... x

PubMedCLIP: yes X spinal cord X nodule X

BiomedCLIP: right lobe of liver x ribs v female

Zhang et al. BiomedCLIP: a multimodal biomedical foundation model pretrained from fifteen million scientific image -text pairs. arXiv, 2024.
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Combining biomedical CLIP models with SAM

- Approaches such as MedCLIP-SAM can perform zero-shot and weakly
supervised segmentation

Weakly Supervised
DHN-NCE Fine-tuning Zero-shot Segmentation Segmentation
< ,"h‘l;d;c;i Images  _ SAM ""T"TTUTUC " Pseudo-masks
5 |
% Fine-tuned

-

-
- -~
e s sssssssss e ----
Chassscanscsahossecnnngue?

P e )
’

BiomedCLIP
benign breast o)
tumour Segmentation |
: “ % JII

-------------

[# Frozen QD Tnlnabhj

Koleilat et al. MedCLIP-SAM: Bridging Text and Image Towards Universal Medical Image Segmentation. MICCAI, 2024.
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Next time

- Vision Diffusion and Generative Models
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