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What is a foundation model?
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From dataset-specific models to pretrain-and-adapt

Dataset-Specific Models N | La cale
v' Low-prevalence diseases.

v’ Expertise for data labeling. ]f
v" Only few-shots available

v’ Large inter-domain shift.
v Limited computational resources. ‘
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Generalists vs. Specialized Foundation Models
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Generalists vs. Specialized Foundation Models
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Towards a foundation model for fundus images

Datasets #Targels  #Images Labels Annotations

OLEYEPACY] 5 ¥8.702  noDR, mildDR, modDR, sevDR, prolDR. Calegorical

02.MESSIDOR? {Decenciére el al 1|1cmusc et a].| 9 1,748 noDR. mildDR, modDR, sevDR, prolDR, noisy, clean, Categorical
DME, noDME, hEX.

03.IDRID {Porwal et al.[2020) 10 597 MA, HE, hEX, sEX, noDR, mildDR, modDR, sevDR, Categorical
prolDR, noDME, nonCSDME, DME

04.RFMid 46 3200 DR, ARMD, MH, DN, MYA, BRVO, TSLN, ERM, LS, MS Categorical

CSR. ODC, CRVO, TV, AH, ODF, ODE, 5T, AION, PT. RT
RS, CRS, EX. RPEC, RPEC, MHL. RE. CWS, CB. ODM,
PRH. MNF, HE. CRAQ, TD. CME, FTCR. CE, VH, MCA
VS, BRAO, PLQ. HPED, CL.
39 1000 N.TSLN, LOC, mildDR, medDR, sevDR, BRVO, CRVO, G, Categorical
CRAO, RD, CSR, VKH. M, ERM, MHL. MYA. HE, OA, NP,
sevHR, DSE, DD, CDA, RF, BCD, PRDE, MNFE, VH, F,
hEX, YWSF, CWS, TV. CB. LS, noisy, noProlDR, prolDR.

- 15.708 - Text
2 4,854 G. noG. Categorical

=7 85000  N.DR. G, CAT. ARMD, HR. MYA. Text
2 488 G.N Categorical
7 1437 noDR. mildDR, modDR, sevDR, prolDR. Categorical

- 397 - Text
3 143 N. ARMD, DR. Categorical
6 200 noisy, clean, ARMD, DR, G, N. Categorical
28 DR, MA. Categorical
o o o 590  noDR. mildDR, modDR., sevDR. prolDR. Categorical
100 G, N, CME, neovARMD, geoARMD, acCSR. chCSR. Categorical
Limited datasets with 1 v BenD i, s
10 noCAT, Dis Categorical
0 NG Calegorical
° ° 163 EX.MA., Categorical
20 G.N. Categorical
text supervision 3 Boow Carpr
81 N, G, DR, noisy. Categorical
50 G.noG. Categorical
S REFUGE [OMANTD AL [ 20 200 G.noG. Categorical
26.ROC | 100 MA Categorical
27.BRSE Goldberger et aJ.L 24 16266  noDR. mildDR. modDR. sevDR. prolDR. HE. hEX, sEX. MA.  Categorical

AOD, AV, AM, noisy, clean, ME. 5. NE, ARMD, BRVO_ HR,
DN, HE, RD, MYA, ICD.
9 13,673 noDR. mildDR, modDR, sevDR, prolDR, HE. hEX, sEX, MA.  Categorical
2 101.442 G.noG Categorical
8 1.220  noDR. mildDR, modDR, sevDR, prolDR, HE, hEX, sEX Categorical
5 9.940  noDR. mildDR, modDR, sevDR, prolDR Categorical
pro]DR DME sevHR 2 1345 G.noG Categorical
7 1597 N, ReSD, hEX, DN, CWS, supHE, deepHE Categorical
4 601 N. G, CAT. RS Categorical
35.ScarDat (Wei el al.|[2018) 2 997 LS.noLS Calegorical
36.ACRIMA (Diaz-Pinio et al.| 2 705 G.noG Calegorical
. F.DeopDRID{Cwetall202)_ _ _ _ _ _ _ __ _ ___ S__ _ 225 _ noDR,mikDR.modDR, svDR.prolDR _ _ _ _ _ _ _ _ Categorical _
=96 286,916

Open-Access Datasets




Encoding expert knowledge in text supervision

“moderate diabetic
retinopathy”

A4

“contains few
microaneurysms”

“diabetic macular

edema”

“exudates near the

macula center”

Category Domain Knowledge deseriptor
no diabetic retinopathy "no relevant haemorrhages, microaneurysms or exudates™ / "no microaneurysms™ / "no referable lesions™
mild diabetic retinopathy "few microaneurysms” / "few hard exudates™ / "few retinal haemorrhages™

moderate diabetic retinopathy
severe diabetic retinopathy
proliferative diabetic retinopathy
diabetic macular edema

no referable diabetic macular edema
hard exudates
soft exudates

microaneurysms
haemorrhages
non clinically significant diabetic macular edema
age-related macular degeneration
media haze
drusens
pathologic myopia
branch retinal vein occlusion
lessellation
epiretinal membrane
laser scar
central serous retinopathy
asteroid hyalosis
optic disc pallor
shunt
exudates
macular hole
relinitis pigmentosa

cotton wool spots
glaucoma
severe hypertensive retinopathy

no proliferative diabetic retinopathy
hypertensive retinopathy

intraretinal microvascular abnormalities
red small dots

a disease
normal

“retinal haemorrhages in few quadrants™/ "many hacmorrhages™ / cotton wool spots™

"severe haemorrhages in all four quadrants” / "venous beading™ / intraretinal microvascular abnormalities™

“diabetic retinopathy with neovascularization at the disk™ / “neovascularization™

"macular edema” / "presence of exudates” / “leakage of fluid within the central macula from microaneurysms” / "presence of
exudates within the radius of one disc diameter from the macula center”

no apparent exudates™

"small white or yellowish deposits with sharp margins” / "bright lesion™

“pale yellow or while areas with ill-defined edges™ / "cotton-wool spot™/ “small, whitish or grey, cloud-like, linear or serpentine,
slightly elevated kesions with fimbriated edges™

"small red dots™

"dense, dark red, sharply outlined lesion”

"presence of exudates outside the radius of one disc diameter from the macula center” [ "presence of exudates™

"many small drusen” [ "few medium-sized drusen” / "large drusen”

“vitreous haze” [ "pathelogical opacity” / “the obscuration of fundus details by vitreous cells and protein exudation”

"yellow deposits under the retina”/ "numerous uniform round yellow-white lesions™

“tilted disc, peripapillary atrophy, and macular atrophy. There are chorioretinal scars in the inferonasal periphery” / “maculopahy™
"occlusion of one of the four major branch retinal veins™

“large choroidal vessels at the posterior fundus™

"ereyish semi-translucent avascular membrane™

round or oval, yellowish-white with variable black pigment centrally” /50 to 200 micron diameter lesions™

"subretinal fluid involving the fovea” [ “leakage™

“multiple sparking, yellow-white, and refractile opacities in the vitreous cavity” / "vitreous opacities™

"pale yellow discoloration that can be segmental or generalized on optic disc™

“collateral vessels connecting the choroidal and the retinal vasculature™ / “collateral vessels of large caliber and lack of leakage”
"small white or yellowish-white deposits with sharp margins™ / "bright lesion™

a lesion in the macula™ / "small gap that opens at the centre of the retina™

"bone spicule-shaped pigment deposits are present in the mid periphery™ / "retinal atrophy™ "the macula is preserved” /
“peripheral ring of depigmentation” / "arteriolar attenuation and atrophy of the retinal pigmented epithelium™

"soft exudates™

“optic nerve abnormalities™ / "abnormal size of the optic cup™ / "anomalous size in the optic disc™

flame-shaped hemorrhages at the disc margin, blurred disc margins™ / "congested retinal veins, papilledema, and secondary
macular exudates™ / "arterio-venous crossing changes, macular star and cotton wool spots™

“diabetic retinopathy with no neovascularization” / "no neovascularization™

“possible signs of hemorrhage with blot, dot, or flame-shaped™ / "possible presence of microaneurysm, cotton-wool spot, or hard
exudate™ / “arteriolar narrowing™ / "vascular wall changes™ / “optic disk edema™

"shunt vessels and appear as abnormal branching or dilation of existing blood vessels (capillaries) within the retina” / "deeper
in the retina than neovascularization, has blurrier edges, is more of a burgundy than a red, does not appear on the optic disc™ /
"vascular loops confined within the retina”

“microaneurysms”

"no healthy” / lesions™

“healthy” / "no findings™ / "no lesion signs”

Expert Knowledge
Dictionary




Vision-Language pre-training

Fundus dataset assembly
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Generalization and Transferability

I 1
| P~~~ ===~ -----------------o----o------o | S e '
I Zero-shot classification : I ' Few-shot adapters 1
] 4 1 I ! I
I “normal” “A fundus image of 1 I : FeTTTmEEEEEEE 1
| : [DESC]” 1 | ! Supportset (k=1, 5, ...) : !
RIE . “opacities in the macula L | 1 : I :
I ' cataract”™ | ;TEK o area” : I : : “normal™ “aataract” “myopia” _:_ "
1 I tilted disc, peripapillary 'y ! ;
| | ‘myopia atrophy, macular atrophy™ : i : ;
1
I : new : : : : :
| : domain/task ; . . : : - :
1 1 2 3 1
I I : I ] :
I 1 : '
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| query prediction : I : i
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Experimental setting

« How to evaluate a vision-language foundation model? gﬁmm;! o #lmages  Labels
T MESSIDOR ~— ~ ° 7 1448 noDRE. mildDR, modDR, sevDR, proiDR. ~
e Known tasks under domain shift. FIVES 200 N, DR, G, ARMD.
) REFUGE 1200  G.noG
« New tasks on unseen categories. Unseen caiegories
1 60 N.REMHL ~ ~ 7
ODIR200x3 600 N, CAT, MYA

e  What do we want from a foundation model?

* Generalization: predictions without examples - zero-shot with prompts.
* Transferability: adapting for new tasks/domains (Linear Probe).

* Low-data regime (few shots).

* Large-data regime (increasing data percentages).

*  What baselines to use?

* Other vision-language models: Vision (CLIP), or Generalists (BiomedCLIP).
* Other pre-training strategies: adapting task-specific models (TSM), unsupervised pre-training (SimCLR).
* Dataset-specific models (Supervised): Fully-training on the target dataset.
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Re S u Its I : G e n e ra | i Za t i O n O Vision and Generalists models do not generalize to specialized domains.

O EK prompts during training produces better pre-trained FMs. |—

O EK prompts notably increses inference performance.

Method Dataset O Large-scale pre-training boost performance on underepresented tasks
MESSIDOR ~ FIVES ~ REFUGE & P g P P .
DR grading Diseases Glawcoma
(ACA/x) (ACA) (AUC)
Prior literature
* DRy raduare (Aratijo et_al._'|2_020}1 - 0.596/0.710 - - - Method Dataset
AST (Galdran et al.| 202 0.634/0.797 - - 20x3 ODIR200x3
AIROGS,, ente et al.| 2023) - - [0.88,0.94] N RP MHL Avg | N CAT MYA Avg.
Task-specific models (TSMs) _ Anomaly Detection Inference (i.e. "normaldisease o, co==%
TTSMpy . T T BssonTIz o T T - — — - CLIP 1.000 0.700 | 0.600 1|7 0770 0.412 0591 |
TSMp; i F 0381 1 ) BiomedCLIP  0.950 0.125 1 05381 0.800 0.770 LnJasj
TSM iseases ] P 0.904 FLAIR-7,,;,. 0.900 0.200 0.550 | 1.000 0.102 03557
Glaucoma ! ! : FLAIR-gx 0.850 0.775 0.812 | 0.985 0.350 0.668
_ E‘LE '_mffr‘z"‘fiwiﬂﬂ_ﬁf"i o ____________.______:__________1_ _ Inference with Naive Prompts - Tpaive (g "calopwl o
CLIP 1 0.237/0.140 1 0.250 § 0.470 : TCLIPT T T T 0000 1000 T 0.000 7§ 0.367 i 0.770 ~ 0495 ~ 0.070 0445 T
BiomedCLIP 10.224/0.201 1 0416 i 0540 | BiomedCLIP 0900 0950 0400 } 07501 0765 0920 0495 ! 0727,
FLATR-Tnaive 0.545/0.662 1 0.732 H 0.899 FLAIR-Tpie 0950  0.650 0.100 0567 | 0990  0.340 0.010 0.447
FLAIR-mrx 0.602/0.711 1 0.719 : 0.918 FLAIR-mgx 0950 0600 1.000 0.850 | 0.990  0.455 0.005 0.483
VLP - inference w/ T 1 i _ Inference with Expert Knowledge Prompts - ipg{e g, opacily in the macular area”) poomoey
e b 3.360/0.000 1 0o oA Y CLIP 1,000 "0:000 ~ 0.000 1°0.333 170290 ~ 0.195 0.955 " | 0.480 I
BiomedCLIP ! 0.207/0.188 ! 0415 | 0.624 | BiomedCLIP 0400 0800 0.650 10617 0.125  0.695 0.930 1 0.583 |
il Ay posesodomomo2 —mmd FLAIR-mse  1.000 0900 0.050 0650 | 0405 0.015 0.990 0.470
FLAIR-Tnaive 0.442/0.694  ; 0.744 | 0.871 FLAIR-mz 1000 0950 1.000 00983 | 0760 0765 0475  0.667
FLAIR-mgx 0.604/0.772 1 0735 H 0.920
| I ——— F]
Domain Shift Novel Classes
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Results Il: Transferability
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O Task-specific models (TSMs) do not transfer well to other tasks.

O FLAIR transferability is robust to new tasks and domains.

FLAIR requires only few shots to outperform fully-trained dataset-

specific models (Supervised).

Domain Shift
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Adaptation

Generalization
In-Depth Analysis O 25 o & om rom T ——
provide better ID-OOD LP-6p() &  Supervisedrar
performance. .
1o MESIDOR — DeepDRiD DeepDRiD - MESIDOR
. — 1.0
. 0.9 e
“I don’t need foundation model, | have 0-9
_ 08 i _ 08
gathered a large enough dataset, and my L 0.7- o7 _
o o o e
model performs much better!” 206 et 206 i
0.5 * 0.5 Tk
0-4_ /"”11,‘ * * 0.47 "/”‘,lr **
933 04 05 06 0.7 08 09 1.0 %33 04 05 06 0.7 0.8 0.9 1.0
Great! © BUT... SOURCE SOURCE
1.0- REFUGE —» ACRIMA 1o ACRIMA - REFUGE
x  Did you check on OOD data?* 0.9- | .. Ny
x  How much data did you required? _ 038 ** 08 -
x  How long data-collection took? Q07 007 *
x  What if t to predict tegories? g 06 T B Zi
at if you want to predict new categories: oe [ oe )
x  How computationally expensive is your training? 04 7 04
033 04 05 06 0.7 08 0.9 1 Q%E—OA 0.5 0.6 0.7 0.8 0.9 1.0
SOURCE SOURCE

* Recommended read: Fine-tuning can distort pre-trained features and underperform OOD, ICLR 2022
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What is a foundation model?

1
: !
Article | Open access | Published: 13 Septembd BN SinCLR WS RETFund Imagenet WM FLAIR i
1
- 1 1
Afoundationmodel for g :
- - - hages Stage 2: Supervised fine-tuning for clinical tasks
detection fromretinal in Linear Probi -
1 Inear rrobing I ) Ocular disease diagnosis
: 1.0 :/ RETFound \ Internal External
. . . e 1 \ | N
Yukun Zhou E, Mark A. Chia, Siegfried K. Wagn I . * Diabetic retinopathy Public Publ
1 1 & * Glaucoma ot lic
. . 1 [l ‘ PR * Multiclass disease datasets datasets
Struyven, Timing Liu, Moucheng Xu, Mateo G. L: 0.8- : y
.. . 1 ' I cep
Eye & Vision Consortium, Andre Altmann, Aaro : N /
1 I ~ Ocular disease prognosis
Alexander & Pearse A. Keane & ! = l o
e o ° ° B « Fall arts to wet-AMD MEH-
et Efficient generalization =l
Nature 622, 156-163 (2023) | Cite this artid ) ‘
Ry
ofge J
61k Accesses | 896 Altmetric | Metrics t f b I t d b t ——
ra n S e ra I I y a n ro u S n e S s ? Oculomics: prediction of systemic disease - g Bt |
internal xternal
—— RETFound  —— SSL-Retinal SSL-Im%geNét SL-ImageNet : i :m’m’l‘; sitr:?:r:tim HIELE UKk
- Heart failure, CFP O_EIabehc retinopathy MESSIDOR-2 : H . ’;e:‘ﬂ 'a“‘fedv MZEYG Biobank
et 1 - ‘ ‘ } | } ‘ 1 * Farkinson's disease
g P —— g 8 f 1 0.0 MESIDOR REFUGE  FIVES 20x3  ODIR300x3  Avag. :
€ o7 T — g 07 - : i
98 L _ 45% data : :
054 — 05 — . 1 1
10 20 50 20 100 10 20 50 920 100 1 1
Percentage of training data Percentage of training data 1 ]
M o o - - - 1
Myocardial infarction, CFP Diabetic retinopathy IDRID
0. 09
o o / § 08 /
§ 06 /,",:;7 2 - /
o %81 so% cata K
0.5 05
10 20 50 20 100 10 20 50 90 100

Percentage of training data Percentage of training data




Take-home messages

* Pretrain-and-adapt: A paradigm change for medical image analysis.

* Vision-language pre-training provides powerful foundation models.

* Don’t trust generalist models.

* You dont have large text-supervised datasets? Try encoding expert knowledge!

* Potential: Linear Probing from FLAIR outperforms fully-trained dataset-specific models even for
unknown diseases.
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