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Vision-Language Pre-training in Radiology

O There is a large core of literature for Chest X-ray (CXR) image understanding driven by the text report, driven by
MIMIC dataset + labels in CheXpert and MIMIC extracted by NLP methods.

Table 1: Frontal Chest X-ray datasets assembly. We compiled open-access
datasets for training and evaluation. Green-colored categories indicate novel classes
not explicitly used during CheXpert and MIMIC pre-training,.

Pre-train F#Images Reports 7 Labels Categories

Sentences Text Labels
ﬂhc}{p{'rt {ﬂ} I'|".|.I 14971 (K26 14 anF"‘ I<ml EF.LI'IZ].‘ EF.I.I'[].‘ I..-'LII;I'."I-], L n-l_-_,l IEdem a, ‘._:{ZII'.LI-.':.‘ 1. I]Iazy widet;prea-ui opacity which could be compatible 1. [Lung Opacity]
with a coinciding pneumonia.
MIMIG {}"'T:I I_.I E-'J 151,585 s 14 Pﬂ}h{ﬂ, ht!’."], Pnfllh'ﬂr'l PI'I:'EE'“: PIE"-:I t'I--I-- Frﬂ::t: T}'L"VI 2. Pulmonary Il(il{]l(-}:; in the left upper lobe are also 2. [Luug L(‘}:ii()[)]
PadChest® {P} I'HJ a6, 201 54 Eﬂm S"pp_ B E.t.!'.‘riﬂ.lﬁ} not completely characterized on this study.

1. With exception of mild bibasilar atelectasis, the lungs 1. [Atelectasis]
are normally expanded without focal opacity to suggest

I)Il(‘}l][[l(}[liﬂu

2. Heart size is mildly enlarged. 2. [Cardiomelagy]
3. There is no pleural effusion or pneumothorax 3. |No Findings|

O CONVIRT (MLHC20)  MGCA (NeurlPS22)
O GlorlA (ICCV21) O MedKLIP (ICCV23)

O MedCLIP (EMNLP 22)  CXR-CLIP (MICCAI23)
 CheXZerp (NatureBioEng22) [ KAD (NatureCom23)
O BioVIL (ECCV22) L SAT (TMI23)
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Image-Text-Label Alignment

UniCL: Unified Contrastive Learning in Image-Text-Label Space (CVPR22)
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Pitfalls on Existing Pre-training Strategies
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DLILP: Disentangled Language-Image-Label Pre-training

Xalm-.
L

v  Labels
v Preserve V-L
v Zero-shot

T,

LpriLp = Luni + ALcLip

Entity
> i) - I

Yo' Labels

ﬁDL‘”‘P — ‘C”“i({ﬂf?‘ ﬂ;l}? Tl_h: W|B) + ;'l : JC'{:LIP({GJ-? H;T}J ¢'-.| T[-T|H)




Experimental Setting

Table 1: Frontal Chest X-ray datasets assembly. We compiled open-access 1. Pre-training using image-text-label datasets.
datasets lor training and evaluation. Green-colored categories indicate novel classes

not explicitly used during CheXpert and MIMIC pre-training.

A. Image-Label.

Pre-train ##Images Heports # Labels Categories

CheXpert (C) [13] 191 (K26 141 [MoF, EnlCard, Card, LuLles, LuOp, Edema, Cons, “ “ - ”
MIMIC (M) [16] 154595  x 11 PnMo, Atel, PnThor, PleEffu, PleOth, Fract, Dev] A chest x-ray of [CLS] “/ There is [CLS]
PadChest® () |4 0,201 51 (sec Supp. Materials)

Evaluation #Train  #Test #Labels Categories B_ Image-TeXt_

CheXperts «zon 1,iM00 1,000 B [Atel, Card, Cons, Fdema, PleEfful

MIMIC ;, o s 1,iM0 1,000 5 [Atel, Card, Cons, Edema, PlelEffu)

RSNA |33 BADD  3E00 2 [NoF, PnMaol « n

S8IM* ARO0 1200 2 |[MoF, Pn'Thor| w2 NLP ~[000000100]
COVID |4, 30| 1,200 A, 0000 4 [Mormal, Covid, PnMo, LuChp|

NII-LT [10,40] 420 020 20 |Atel, Card, PleRffu, Inf, mass, Nod, PnMo, noF, CheXpert-Labeler

PnThor, Cons, Edema, Emph, Fib, PleThi, PnPer,
PnMed, SublEm, TorAor, CalAor|
VinDir [26) 2,000 2,000 5 [NoF, Bro, BrPn, BrLi, PnMo|

*PadChest is used for additional scalability experiments, only when specified.

2. Transferability
A. Zero-shot classification.

Not explicitly labeled on B. Few-shot Linear Probing.
pre-training dataset C. Base/New disentanglement.
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Transferability Performance
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Fig. 3: Few-shot transferability results
using Linear Probing for baseline and pro-
posed pre-training strategies.

Fig. 2: Scalability of pre-training meth-
ods. Linear Probing results using K—16.
M: MIMIC; C: CheXpert; P: PadChest.
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Base/New Categories Evaluation

Table 2: Generalization/Transferability results. Performance of different
pre-training strategies disentangling known (B) and new findings (N).

Pre-training CheXp MIMIC SSIM RNSA  NIHpp VinDR Avg.

B B B B B N B N B N  Avg.
(a) Zero-shot generalization
"CLIP Loss [29]  51.50 49.70 77.80 63.04 40.98 29.10 68.66 32.20 58.61 30.65 44.63
UniCL Loss [16] 45.40 46.60 75.30 90.86 57.66 9.10 73.16 42.20 64.83 25.65 45.24
Unimodal 42.80 47.40 77.20 94.60 61.70 - 65.80 - 64.92 - -
DLILP 49.50 48.60 77.90 93.50 60.80 29.10 54.20 31.10 64.08 30.10 47.09
(b) Linear probing transferability (K = 16)
"CLIP Loss [29] 54.50 49.60 69.10 93.20 46.52 32.50 71.68 38.20 64.10 35.35 49.73
UniCL Loss [16] 53.10 50.90 65.58 93.78 46.50 27.52 71.32 37.54 63.53 32.53 48.03
Unimodal 54.20 53.70 67.68 94.36 47.16 33.20 75.34 37.44 65.41 35.32 50.37
DLILP 55.60 54.50 72.74 93.82 50.66 32.24 71.36 40.76 66.45 36.50 51.48
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No Zero-Shot?

L MedCLIP (EMNLP22) and MedKLIP (ICCV23) defend the effectivenes of vision-language models to generalize to

novel categories using the COVID disease prediction.

Name: [Description]
COVID: [“the presence of patchy or confluent band like ground
glass opacity or consolidation”]

Table 3: Zero-shot on COVID.

Pre-training 2-class 4-class
Name Desc. Name Desc.

MedCLIP [13]  74.1 78.8 40.5 42.9
MedKLIP [20] 51.8 82.9 20.2 325

CLIP Loss [29]” 69.6 74.2° 327 188

o [ic]l 80K K37 A5 5 A4 R
|Unimodal - 85.1 - 51.6 |

DLILP 77.0 81.6 36.6 50.0

(a) Vision-Language Models

T,

prompt ensemble

N

(b) Unimodal

W Wﬂl ses [Wer

learned prototypes

Zero-shot weights Text/Visual prompts




SoTA Comparison

Table 4: Available vision-language models transferability. Linear probing
results (K = 16) for SoTA pre-trained models.

Method Data CheXp MIMIC SSIM RNSA NIH VinDR COVID| Avg.
MUdKLIP]CCV’zaI 1 ]] M 34.30 32.60 64.82 88.18 14.04 26.341 68.04 |46.90
KEDNat.CDm.’ZBI ]El] M 42.50 40.20 66.04 92.12 19.40 26.18 73.24 | 51.38
BioVILgcovia2 [.'i] M+Pub 46.70 43.80 T73.68 94.08 21.22 26.20 62.46 | 52.59
Unimodal M 51.80 51.30 68.04 93.42 21.20 27.68 T77.40 |55.83
DLILP M 53.30 52.90 69.80 93.78 25.34 26.84 T77.62 |57.08
GlorlAjcovial I ] 3] C 46.00 41.60 66.30 91.16 18.78 23.02 72.92 151.40
Unimodal C 52.30 48.20 71.52 93.88 24.20 29.14 79.48 |56.96
MUdCLIPEMNLP’zZI IZ%] M+C 54.40 50.50 69.48 94.20 20.98 27.80 72.30 | 55.67
CXR-CLIPMlCCApQg[ lT] M4+C 52.20 46.10 69.34 92.00 25.90 26.26 76.82 | 55.52
Unimodal M+C 54.20 53.70 67.68 94.36 26.20 30.26 81.62 |58.29
DLILP M+C 55.60 54.50 72.74 93.82 26.72 28.98 81.02 |59.05
Unimodal M+C+P  56.00 55.20 73.84 94.00 26.12 28.48 80.86 ]59.21
DLILP M+C+P 56.30 53.00 73.56 94.08 25.72 29.28 81.66 |59.09

M: MIMIC; C: CheXpert; P: PadChest; PubMed: PubMed text abstracts.
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Take-home messages

* Vision-language pre-training is a powerfull tool to leverage large datasets with text supervision.

* Nevertheless, it does not do magic. The zero-shot performance is highly correlated with the class

proportion present in the pre-training dataset®. No "zero-shot" Without Exponential Data: Pretraining Concept Frequency Determines
Multimodal Model Performance (ICLR24), DPFM Workshop.

* In the medical domain, several challenges limit its usability.
o Challenging expert, fine-grained concepts.
o Limited data with text supervision: label information is predominant.

* Simple Supervised pre-training is largely competitive.

* We still need better methods to combine fine-grained labels and weak text supervision.
o Let's not cheat ourselves : Base/New evaluation.

12/13



W Montreal Medical Imaging Seminar
Le génie pour l'industrie ETS Montreal, ].St May 2024

A Reality Check of Vision-Language Pre-training in
Radiology: Have We Progressed Using Text?

Pitfalls on Existing Pre-training Strategies

Julio Silva-Rodriguez, Jose Dolz and Ismail Ben Ayed *B SeEs
ETS Montreal :




	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13

