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A. Vision-Language Models (VLMs)

o Contrastive Language-Image Pre-training (CLIP).
o Zero-shot and few-shot inference.

o Calibration in contrastive VLMs.

o Vision-language models for medical imaging.

B. Conformal Prediction in VLMs

Split conformal prediction (SCP).
Theoretical guarantees in CP.
Benefits of foundation models for CP.
Full conformal predictors.

Full conformal adaptation (FCA).
Interpretability of conformal sets.
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Zero-shot and few-shot inference.

Calibration in contrastive VLMs.
Vision-language models for medical imaging.



Dataset-focused image classifiers
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Foundational Vision-Language Models (VLMs)
are transforming computer vision

Visual domain Language domain

"An orange sports car”

Visual Text
encoder encoder
‘l’ Representations t

I I I should be close I I

CLIP: Radford et al. Learning transferable visual models from natural language supervision, ICML’21 (25,000 citations)



Promising zero-shot generalization
(in comparison to standard task-specific learning)

ImageNet Zero-Shot
ResNet101  CLIP A Score

ImageNet i s BRI S 762 762 0%

ImageNetV2 64.3 701 +5.8%

ImageNet-R 377 889 +512%

ObjectNet = ¥ 326 723 +39.7%

ﬁ/
ImageNet (
Sketch

= e

Radford et al. Learning transferable visual models from natural language supervision, ICML’21

252 60.2 +350%

27 771 +74 4%




Contrastive Language-Image Pre-training (CLIP)

Pepper the
aussie pup

\

Text

"1 Encoder

Z; = go(t;)

A

Image
Encoder

exp(viTzq;/T)

'V, = fg (Xz) — _log Zj exp(VZTZj/T)

Radford et al. Learning transferable visual models from natural language supervision, ICML’21



Contrastive Language-Image Pre-training (CLIP)

eEXpl\z, V;/T
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Radford et al. Learning transferable visual models from natural language supervision, ICML’21



“Zero-shot” prediction for new tasks

create “class prototypes”
From label text

go(a photo of a bird)

gs(a photo of a car)
g (a photo of a dog)

v

v

A photo of Text
—
| a {obiject}. Encoder

v

Radford et al. Learning transferable visual models from natural language supervision, ICML’21
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“Zero-shot” prediction for new tasks

create “class prototypes”
From label text

g (a photo of a bird)

1og S D g (a photo of a car)

g (a photo of a dog)

evaluate image-text
cosine similarities

N

10
Radford et al. Learning transferable visual models from natural language supervision, ICML’21
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“Zero-shot” prediction for new tasks

create “class prototypes”
From label text

g (a photo of a bird)

1og M B T s e ge(a photo of a car

g4 (a photo of a dog)

Winner class: highest cosine
similarity

R

1
Radford et al. Learning transferable visual models from natural language supervision, ICML’21



“Zero-shot” prediction for new tasks

o?[gt)ss]ta’tl;[sesﬁles.?’OIOQy e — En-l;:?c:er fgb([DeSCI'iptiOl’l}c) — tc
(V, W,
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Visual ] Grade 3 0.16
Encoder ) Grade 4 0.55
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outputs
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fe (X) =V Pe(W) =

Radford et al. Learning transferable visual models from natural language supervision, ICML’21
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Beyond zero-shot: Few-shot generalization

75

Linear Probe CLIP)

70 Few-shot fine-tuning (linear probe)

65 {Zero-Shot

4 CLIP. BiT-M (ImageNet-21K

Average Score (%)

Class 1: pneumonia
e
| <)
@ m
30 L—— . : .
01 2 4 8 16 ‘ ‘ . 2

# of labeled training examples per class

13
Radford et al. Learning transferable visual models from natural language supervision, ICML’21



Calibration in contrastive VLMs

Test-time prompt

Prompt Learning Adapter tuning

TPT ImageNg
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Murugesan et al., Robust calibration of large vision-language models. ECCV’24

(adapters,
prompt
learning, TPT)
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Calibration in contrastive VLMs
minimize  H(Y, P)
subject to  [Z5Mmin] < [, < [45maxy e D,

*[a L e e

Murugesan et al., Robust calibration of large vision-language models. ECCV’24

1: Zero-shot prediction

2: Adapt the model

v
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Medical Vision-Language Models

\'Y N
i=1 ec=1
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Shakeri et al. Few-Shot Adaptation of Medical Vision-Language Models, MICCAI'24 (Spotlight)
Silva-Rodriguez et al. Few-Shot, Now for Real: Medical VLMs Adaptation Without Balanced Sets or Validation, MICCAI'25 7
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B. Conformal Prediction in VLMs
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Split conformal prediction (SCP).
Theoretical guarantees in CP.

Benefits of foundation models for CP.

Full conformal predictors.
Full conformal adaptation (FCA).
Interpretability of conformal sets.

18



Conformal Prediction (CP)

C
Conformal _(f)
f(x) -~
prediction

@ —m> O

point prediction
prediction interval



Conformal Prediction (CP)

PYe(Cx)>1—a

Error rate,
e.g., 10%

GT: NC GT: G5 GT: G5
Set: [NC] Set: [G3] Set: [G3,G4] Set: [G5] Set: [G3,G4,G5]
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Split Conformal Prediction (SCP)

1. Non-conformity score from black-box classifier.

Papadopoulos et al. Inductive confidence machines for regression, ECML’02.
Vovk et al. Algorithmic learning in a random world, Springer’05.

S(x,y) =1 — Pr=y

0.53
0.39
0.07
0.01

0.47
.61
LAC 0.6
> 10.93
0.99
(1) compute (2) search
sCores quantile_l_
[ g -
class nc. score
(3) construct

¢S~ Conformal
i Predictor
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Split Conformal Prediction (SCP)

1. Non-conformity score from black-box classifier. S(X, y) =1 - ﬁk=y

2. Search threshold in the true-label S(x, y) distribution that ensures a given coverage.

0.97||0.47 0.99

0.05 061"?& (1) compute (2) search

~—l__ Scores uantile
0.99 | | 0.93 082 a\._g
0.99 | [0.99] [0.207 [, %, “°F

X1 Xy XN € Conformal
Papadopoulos et al. Inductive confidence machines for regression, ECML’02. i Predictor

Vovk et al. Algorithmic learning in a random world, Springer’05.
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Split Conformal Prediction (SCP)

1. Non-conformity score from black-box classifier. S(X, y) =1 - ﬁk=y

2. Search threshold in the true-label S(x, y) distribution that ensures a given coverage.

—1= § = inf N > N

== N o BE e M nSol , [0 al]

0.97||0.47 0.99

0.05 061"?& (1) compute (2) search

~—l__ Scores uantile
0.99 | | 0.93 082 a\.g
0.99 | [0.99] [0.207 [, %, “°F

X1 Xy XN € Conformal
Papadopoulos et al. Inductive confidence machines for regression, ECML’02. i Predictor

Vovk et al. Algorithmic learning in a random world, Springer’05.
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Split Conformal Prediction (SCP)

1. Non-conformity score from black-box classifier. S(X, y) =1 - ﬁk=y

2. Search threshold in the true-label S(x, y) distribution that ensures a given coverage.

N =

3. Create sets using the threshold as rejecti
e.g.,0.43

= — co-ey sxn<H)
Test set (unlabeled)

Papadopoulos et al. Inductive confidence machines for regression, ECML’02.
Vovk et al. Algorithmic learning in a random world, Springer’05.

v

(1) compute (2) search
sSCores quantile
[1 g .
o
class nc. score
(3) construct

Se'_t's Conformal
n Predictor
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Theoretical guarantees in conformal prediction

PY eC(x))>1—«
Coverage guarantee
1. Distribution-free, e.g., no gaussian distribution required.
2. Marginal over XY, i.e., does not inform about specific examples/subgroups.

3. Assumes at least exchangeability of D.,; and D;,;.

4. Finite-sample guarantee — holds on average across random experiments.

25
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Theoretical guarantees in conformal prediction

PY eC(x))>1—«
Coverage guarantee
1. Distribution-free, e.g., no gaussian distribution required.
2. Marginal over XY, i.e., does not inform about specific examples/subgroups.

3. Assumes at least exchangeability of D.,; and D;,;.

4. Finite-sample guarantee — holds on average across random experiments.

th* th

Dear Drest nc. score

:(_—’\_,
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Theoretical guarantees in conformal prediction

PY eC(x))>1—«
Coverage guarantee
1. Distribution-free, e.g., no gaussian distribution required.
2. Marginal over XY, i.e., does not inform about specific examples/subgroups.

3. Assumes at least exchangeability of D.,; and D;,;.

4. Finite-sample guarantee — holds on average across random experiments.

th* th

Dear Drest nc. score

:(_—’\_,
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Theoretical guarantees in conformal prediction

1.0 SICAPvV2
| na=128 | (1—a)

0.8- Near =256 |
> Mo = 512 :
S 0-6' I
= |
30'4_ :
“0.2- l

0.0-

0.8 0.9

Empirical coverage

10 MESSIDOR
’ na=160 | (1—a)
0.8 nea=320 |
> Nea = 640 :
S 0-6' I
= !
30'4_ :
“ 0.2 G | s
0.0
0.8 0.9

Empirical coverage

1.0

Are data samples coming from different patients necessary exchangeable?
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Theoretical guarantees in conformal prediction

PY eC(x))>1—«

Coverage guarantee

1. Distribution-free, e.g., no gaussian distribution required.
2. Marginal over XY, i.e., does not inform about specific examples/subgroups.
3. Assumes at least exchangeability of D.,; and D;,;.

4. Finite-sample guarantee — holds on average across random experiments.

FGVCAircraft DTD
0.7 a-aj 0.7

| Base SCP ] Base SCP
0.6 = Adapt+SCP ! 0.6 ™ Adapt+SCP
>0.57 & conf-0T (Ours) >0.51 w conf-0T (Ours)

(1-a))

= 0.4 =0.4
$ 0.3 0.3
0.2 09.2;

0.1 0.14

0.0+ 0.0+
0.4 0.5 0.6 0.7 0.8 0.9 1.0 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Coverage Coverage
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Theoretical guarantees in conformal prediction

PY eC(x))>1—«

Marques F. Universal distribution of the empirical coverage in split conformal prediction, ArXiv’24.

Theorem 1. Under the data exchangeability assumption, for a regular conformity function, the sequence of coverage
(n,)

indicators {Z;}i>1 is exchangeable and mx C,,,"" is distributed as a Beta-Binomial([(1 —a)(n+1)], la(n+ 1)]) random
variable, to the effect that the distribution of the empirical coverage is given by

P(C“"‘” _ ﬁ)_(m)n!(kﬂ(l—a)(m D]1- D! (m—k+|a(n+ D] - 1)!
" T om) \k)] (A -a)n+D]- D! (lan+ )] = D! (m+n)!

Theorem 2. Under the data exchangeability assumption, for a regular conformity function, the empirical coverage

co converges almost surely, when the future batch size tends to infinity, to a random variable C with distribution

Beta([(1 —a)(n + 1)], La(n + 1)]).

m

1.0 SICAPv2 1.0 MESSIDOR 0 PadChest
' new=128 | (1-a) ' ne=160 | (1-a) new=160 | (1-a)
0.8 Near=256 | 0.8 nea=320 | 8- nea=320 |
2 Near =512 : 2 ear = 640 : Mot = 640 :
g 0-6 7 I S 0.6 7 I 6 T 1
=] | 3 I |
0.4+ | 0.4 1 41 I
= I i I [
0.2 I 0.2 : - 2
0.0- 0.0 0
0.8 0.9 1.0 0.8 0.9 1.0 0.8 0.9 1.0

Empirical coverage Empirical coverage Empirical coverage
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Theoretical guarantees in conformal prediction
PYe(Cx)>1—-a

“I guarantee you predictive sets with coverage of 90%,
with a probability of at least 95%, and a 1% tolerance error’

7

e=0.1 € =0.05 € =0.01 € =0.005
| ’ 9% 95% 99% | 0% 95% 99% | 90% 95% 99% 90% 95% 99%
—-a
80% 40 57 98 170 241 418 | 4326 6,142 10,611 | 17.314 24581 42457
85% 30 42 77 134 189 330 | 3,446 4,893 8451 13,794 19,587 33,830
90% 11 14 47 90 128 227 | 2,429 | 3,448 | 5,958 9,733 13,821 23,875
95% 19 19 29 22 29 97 1,270 1,806 3,132 5,125 7,278 12,578

Marques F. Universal distribution of the empirical coverage in split conformal prediction, ArXiv’24.

32



Theoretical guarantees in conformal prediction

PlYe(Cx)>1—a

“I want predictive sets with coverage above 90%, with a probability of at least
95%, and a 1% tolerance error. | have N=500 calibration samples:
which nominal coverage should | use?”

Meeting a Coverage Guarantee at n =500, ¢, =0.9
1.0

\

[=}
=J

o
o

P(KIn = cp) under Beta-Binomial

o
s

— Beta-Binomial PiKin = co)

—=- Targety=0.95

—==- BB solution caq= 0.926 (a =0.074)

=== DKW requirement caq = 0.961 (a = 0.039}

0.2

L .
0.88 0.90 0.92 0.94 0.96 0.98
Adjusted nominal coverage cagj =1 — Qagj

Zwart. Finite-Sample Guarantees in Conformal Prediction: From DKW to Beta—Binomial, Medium’25.



Theoretical guarantees in conformal prediction

PlYe(Cx)>1—a

“I want predictive sets with coverage above 90%, with a probability of at least
95%, and a 1% tolerance error. | have N=500 calibration samples:
which nominal coverage should | use?”

Meeting a Coverage Guarantee at n =500, ¢, =0.9
1.0

[=}
0

o
o

Sets' more conservatives,
will decrease efficiency..... ...,

e
~

P(KIn = cp) under Beta-Binomial

—————
(JJ i -—- BB a0 = 0.926 (@ =0.074)
0.2 -—- DKW requirement cag = 0.961 (a = 0.039)
0.88 0.90 0.92 0.94 0.96 0.98
Adjusted nominal coverage cagj =1 — Qagj

Zwart. Finite-Sample Guarantees in Conformal Prediction: From DKW to Beta—Binomial, Medium’25.



1.

Foundation models and conformal prediction

Standard task-specific training scenario.

T Nirain (labeled) N.q; (labeled)

.U .- Train 4 Predict = Quantile Inference %

- - —> —> =F

D
D test
D train cal
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Foundation models and conformal prediction

1. Standard task-specific training scenario.

T Nirain (labeled)

SE
4

D train

Train

N.q; (labeled)

'} Predict = Quantile Inference
é - = ﬁ ﬁ %

D
D.q test

2. Modern scenario with zero-shot VLMs.

#

Predict

TT Ng; (labeled)

= Quantile Inference
—1= ﬁ q @

Dcal Dtest
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Foundation models and conformal prediction

1. Standard task-specific training scenario.

T Nirain (labeled) N.q; (labeled)

— 1 Train 4 Predict = Quantile Inference
- —> BES S s

D train

2. Modern scenario with zero-shot VLMs.

D
D.q test

TT Ng; (labeled)

% Predict —] Quantile Inference

Dcal Dtest

3. Modern scenario adapting foundation models.

| Nogape (labeled) T N.q (labeled)
adapt Predict —] Quantile Inference

s >l —msEE— = — &=

~——
D Diest 37
adapt D cal

o —




Foundation models and conformal prediction

“For enhanced data-efficiency, could you adapt and then search the CP quantile
using the same joint adapt and calibration data?”

-
== —rb =
-— -

Dadapt

= 4= Dadapt+SCP



Foundation models and conformal prediction

“For enhanced data-efficiency, could you adapt and then search the CP quantile
using the same joint adapt and calibration data?”

1 Nadapt+sce (labeled) T Nadape+sce (labeled)
. adapt g Predict 3 Quantile Inference E;
—1= q ] é —1= ﬁ ﬁ .

= = Dtest

Dadapt+SCP Dadapt+SCP
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Foundation models and conformal prediction

“For enhanced data-efficiency, could you adapt and then search the CP quantile
using the same joint adapt and calibration data?”

T Naaapt+sce (labeled)

D adapt+SCP

N C C
(_/ 1 A
min L£(W) = —szyw In(p;.(W)) + 52 |w. — t.||2.
c=1

\%%

freq.

adapt @ Predict

— ) —

D adapt+SCP

i=1 c=1

freq.

nc. sCOre nc. sCOore

T Naaapt+sce (labeled)

Quantile

Inference E

=

Dtest

40



Foundation models and conformal prediction

“For enhanced data-efficiency, could you adapt and then search the CP quantile
using the same joint adapt and calibration data?”

T Naaapt+sce (labeled)

adapt

D adapt+SCP

—_

_/" D adapt+SCP

freq.

Dtest

T Naaapt+sce (labeled)

D adapt+SCP

FGVCAircraft

0.6 Base SCP ll_a):
' Adapt+SCP

205 Conf-OT (Ours)

=0.4

c Break

g 0.3

n 0.2 "
o :
0 Il

-0 4 T T T T
0.4 0.5 0.6 0.7 0.8 0.9 1.0

Coverage

Quantile

0.7

0.6
> 0.5
el
=0.41
3 0.3
Q0.2

0.1

0-0 T v T T T
0.4 0.5 0.6 0.7 0.8 0.9 1.0

Inference E

DTD

Dtest

Base SCP
Adapt+SCP
Conf-OT (Ours)

Breaks
exchafA

a-ay
|
I
I

i —

Coverage
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Full Conformal Prediction

There is life beyond vanilla split conformal predictors!!!

Transduction with Confidence and Credibility Algorithmic Learning
C. Saunders, A. Gam merman, V. Vovk in a RandOm WOT'ld

Royal Holloway, University of London . .
Egham, Surrey, England. Ylad%mlr Vovk
{craig,alex,vovk}@dcs.rhbnc.ac.nk Unwerszt}') ﬂfLG_”don
Egham, United Kingdom

Saunders et al. Transduction with Confidence and Credibility, IJCAI'99.
Vovk et al. Algorithmic learning in a random world, Springer’05.
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Full Conformal Prediction

£X17 yl)a S (X’éa y@)a e (XNa lea (XN—|-17 ?)

Y

Dtrain

Saunders et al. Transduction with Confidence and Credibility, [JCAI'99.
Vovk et al. Algorithmic learning in a random world, Springer’05.
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Full Conformal Prediction

£X17 yl)a S (X’éa y@)a e (XNa lea (XN—|-17 ?)

Y

Dtrain

1) We know that, for a test sample, the true label of a test point lies
somewhere on the label space.

2) Let’s fit the model wich each label assignment and check if the
errors on the test point conform to the training observations.

Saunders et al. Transduction with Confidence and Credibility, IJCAI'99.
Vovk et al. Algorithmic learning in a random world, Springer’05.
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Full Conformal Prediction

A: For each test data point...

(Xla yl): ey (X@'a yi): ey (XNa yN)a (XN-l-lJ ?)

B: For each label...

_—_—1

(Xla yl)a RXX) (X?ﬁ: yz)a XXX (XN: yN)I(XN—l—la y)l
[

Saunders et al. Transduction with Confidence and Credibility, IJCAI'99. & Vovk et al. Algorithmic learning in a random world, Springer’05.
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Full Conformal Prediction

A: For each test data point...

(Xla yl): ey (X@'a yi): ey (XNa yN)a (XN-l-lJ ?)

B: For each label...

(Xla y1)7 ey (X’i: yz): ey (XN: yN)7 (XN-l-la y)

1. Train model on joint dataset

br( VY ynai=y €Y

Saunders et al. Transduction with Confidence and Credibility, IJCAI'99. & Vovk et al. Algorithmic learning in a random world, Springer’05.
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Full Conformal Prediction

A: For each test data point...

(Xla yl): ey (X@'a yi): ey (XNa yN)a (XN-l-lJ ?)

B: For each label...

(Xla y1)7 ceey (X’i: yz)a ooy (XN: yN)a (XN+17 y)
1. Train model on joint dataset
() ryny1 =y €Y
2. Search quantile in training data
=S Lﬂz (z()lj Yi)

3. Accept/Reject label

Clx)={y eV 1s’ <&}

s - - -

Saunders et al. Transduction with Confidence and Credibility, IJCAI'99. & Vovk et al. Algorithmic learning in a random world, Springer’05.
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Full Conformal Prediction

A: For each test data point...

(Xla yl): ey (X@'a yi): ey (XNa yN)a (XN-l-lJ ?)

B: For each label...

(Xla y1)7 ey (X’i: yz): ey (XN: yN)7 (XN-l-la y)

1. Train model on joint dataset
| =/ 0
L ( ) CYN+1 = Y S y

Training a model for each test sample and
label combination. Computationally unfeasible

Saunders et al. Transduction with Confidence and Credibility, IJCAI'99. & Vovk et al. Algorithmic learning in a random world, Springer’05.
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Full Conformal Adaptation (FCA)

A: For each test data point...

- =y ——1

-_— .y - =
1. Pre-computed embeddings from a
!(_Vl_l yl)’ Y l(_vz_,lyz), ' (_ ﬂ ) vliJril ?) foundation model.

B: For each label...

(Vla yl)a ERE (Vi: yi): e (VN; yN)’ (VN+1J y)
1 Adapt the model on joint dataset

_—_1

(W* Vpuyny1i =y ey

Leveraging efficient linear probing solvers, the
adaptation phase takes few milliseconds

Silva-Rodriguez et al. Full Conformal Adaptation of Medical Vision-Language Models, IPMI’25 (Oral).



Full Conformal Adaptation (FCA)

A: For each test data point...

(Vla yl)a REE (Vz': y’i): e (VN: yN)a (VN-I—la ?)

B: For each label...

(Vla yl)a ERE (Vi: yi): e (VN; yN)’ (VN+1J y)
1. Adapt the model on joint dataset
* :
p(W* ) cyvpi =y €y
2. Search quantile in training data

r 1
s{ = Sp(W*,vi)" 1 vi)

3. Accept/Reject label
Cx)={ye): s’ <3}

Silva-Rodriguez et al. Full Conformal Adaptation of Medical Vision-Language Models, IPMI’25 (Oral).
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Full Conformal Prediction

Interpretation: Why does it work?

51



Full Conformal Prediction

Interpretation: Why does it work?

O‘(;
® 0

(pre-trained)

YA teost‘ . YA

®lo° ‘, o?

H T
@ @
y=f)

OCe
@ O
@)

o
@
tL

nc. score

< VY
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Full Conformal Prediction

Interpretation: Why does it work?

(pre-trained)

YA teost‘ . YA

®lo° ‘, o?

H T
@ @
y=f)

o 45 %
Og S
ofl@0 ~0
oa 000 x
00®
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Full Conformal Prediction

A fast trick to check exchangeability of the pipeline
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Adapt + Split Conformal Prediction



Full Conformal Prediction

A fast trick to check exchangeability of the pipeline

YA o YA ®
@ (] random p @ (]
) % 7 () permutation ® % Jd 0O
> ‘ >
° ? X — ® ? X
@ @
@ @ Random permutations do not

affect the score distribution.

y=fx)
Full conformal prediction

The model is trained using the test point:

(Vlayl)a'“;(Viayz')w“a(VN?yN)v(VN-I-lvy) 55



Full Conformal Prediction

Full conformal prediction loop
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Full Conformal Prediction

Full conformal prediction loop
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Full conformal prediction
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Full Conformal Prediction

Full conformal prediction loop
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Full conformal prediction

58



Full Conformal Prediction

Full conformal prediction loop
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Full conformal prediction
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Full Conformal Prediction

Full conformal prediction loop
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Full conformal prediction
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Full Conformal Prediction

Full conformal prediction loop
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Full conformal prediction
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Full Conformal Prediction

Full conformal prediction loop
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Full conformal prediction
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Full Conformal Prediction

Full conformal prediction loop
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Full conformal prediction

63



Full Conformal Prediction

Full conformal prediction loop
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Full conformal prediction
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Full Conformal Prediction

Full conformal prediction loop
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Full conformal prediction
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Full Conformal Adaptation (FCA)

1.0 SICAPv2 1.0 Skin 1.0 NCT
[ 1=a e ° |a=a (1-al g
§u.s P & §o.s gp @ §o.s @
020.10 $0.8 = 5.8 L ] =08
Method % ® o s % ° O scp % O scp
ACAT Cov giZB‘L CCV‘L Yo.7 @ Adapt+ScP Yo7 @ Adapt+ScP Yoz ® Adapt+SCP
. b Ao © Fca @ Fca O Fca
0.6 T a T T T 0.6 T T T T T 0.6 T —————— —
(:;CP l)0 2 U 8(}0 13 gg 9 q{‘ 0.0 0.5 l.gEt]..SSiz:.D 25 3.0 0.0 05 l.ge:..:iz:.ﬂ 25 3.0 0.00.51.0 ISSE:SDi:ES 3.035 4.0
‘4: Adapt—f—SCP 67. 1+lb 9 0.842 2.40.1.59 11.17. 4 21 10 MESSIDOR Lo FIVES 10 MMAC
FCA (Ours) 67.1 0.896 2.91. 8.38_ @
) +16.9 1.08 1.58 go_g_ (1-a) o 0° go_g_ (1—a) ‘).o é 9 go_g (1-a) ﬁ
4 @ e g ®
0‘:005 %Ds (;scp %Ds QO scP gos Q scP (9
Method i Yoz @ Adapt+SCP Yo.7- @ Adapt+SCP Yoz e ® Adapt+scp
ACAt Cov. Sizel CCV] ogb—— 31 SRR ¥ BRSNS .
0.0 05 1.0 1.5 20 25 3.0 0.0 05 1.0 1.5 2.0 2.5 3.0 0.00.51.01.52.02.53.03.54.0
| - i Set size Set size Set size
SCP l)O 2 U gt)]. 4. 88 :,) 'FS ) CheXpert . NIH . coviD
{ Adapt+SCP 67. 1_;_1(J 9 0.921 3.07_1.81 6. 87+1 19 - - -
FCA Ou'rs) 67. 1+16 9 0.952 3.56.1.32 5.02_ 456 g 091 ot o2, go.s-‘l"’ @ X (1-a) :
§ 0.8 @ § 0.8 ® § 0.8 ®°
Average performance across tasks 3 O scp 2 o s H ® -
. . . Yo.74 @ Adapt+SCP Y 0.7 @ Adaptisce | < 0.7 o @ Adapt+SCP
(from 4 until 20 categories, 8 in average) ® o ra o rca o rca
D-GD.D 0510152025 3.03.54.0 D-GD.D 20 4.0 6.0 8.0 10.012.0 D-GD.D 0.51.0152.0253.03.54.0
Set size Set size Set size
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What about non-conformity scores?

Spac(x,y) =1—pr—y,

Sadinle et al., Least ambiguous set-valued classifiers with bounded error levels, Jour. American Statistical Association 2019

Saps(X,y) = px(y) + pp—y - u

Romano et al., Classification with valid and adaptive coverage., NeurlPS 2020

SrAPS(X, Y) = Saps(x, ¥)+\(0(%, y)—kreg) "

Angelopoulos et al., Uncertainty Sets for Image Classifiers Using Conformal Prediction, ICLR 2021
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What about non-conformity scores?

Spac(x,y) =1—pr—y,

Sadinle et al., Least ambiguous set-valued classifiers with bounded error levels, Jour. American Statistical Association 2019

Saps(X,y) = px(y) + pp—y - u

Romano et al., Classification with valid and adaptive coverage., NeurlPS 2020

SRAPS(Xv y) — SAPS(Xa y)—f—)\(O(X, y)_kreg)Jr

Angelopoulos et al., Uncertainty Sets for Image Classifiers Using Conformal Prediction, ICLR 2021

Method a =010
ACAt Cov. Sizel CCV]
0 SCP 502  0.890 3.99 9.96

< Adapt+SCP 67.1 160 0842 2,405 50 1117 . 3 53

wn SCP 50.2 0900 4.05 9.59

% Adapt+SCP 67.1 169 0.858 2.56_3.40_8.57-1.02_

FCA (Ours) 67.1,16.00.898 3.06.0.00 6.12.3.47 !
N SCP 502 0.901 4.16 9.55

& FCA (Ours) 67-14-16.9!0-898 3.05.1.11 6.21.3.34!

Silva-Rodriguez et al. Full Conformal Adaptation of Medical Vision-Language Models, IPMI’25 (Oral).
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What about non-conformity scores?

Spac(x,y) =1—pr—y,

Sadinle et al., Least ambiguous set-valued classifiers with bounded error levels, Jour. American Statistical Association 2019

Saps(X,y) = px(y) + pp—y - u

Romano et al., Classification with valid and adaptive coverage., NeurlPS 2020

Sraps(X, ) = Saps(x, y)+A(0(x, y) Lhree)

Angelopoulos et al., Uncertainty Sets for Image Classifiers Using Conformal Prediction, ICLR 2021

Method a =010
ACAt Cov. Sizel CCV]
0 SCP 502  0.890 3.99 9.96

< Adapt+SCP 67.1 46,0 0.842 2,40.1.509 11.17 4 21
- FCA (O’LLT‘S) 67.1+16_g 0896 2-91-1.08 8.38_1.53

wn SCP 50.2 0.900 4.05 9.59
%Adapt—i—SCP 67.1116.9 0.858 2.56.1.49 8.57-1.02
FCA (O’LLT‘S) 67.1+16_9 0.898 3.06-0,99 6.12_3_47

nSCcp 50.2 0901 4.16 9.55
4 Adapt—l—SCP 67-1+16_g 0.856 2‘55,1,5]_ 8-64,0_91
K FCA (Ours) 67.1 16,9 0.898 3.05.1.11 6.21.3.34

Silva-Rodriguez et al. Full Conformal Adaptation of Medical Vision-Language Models, IPMI’25 (Oral).
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Interpretability of conformal sets

» Use-case: diabetic retinopathy grading. Top-1 accuracy: 71% ; Coverage: 90%.

y,_ — "MOd" ’ C(xl) — ["Mild", "Mod", "Sev"]
1 ]

PR 93.7 . . _ /
>3
oS
()]
5
Q
0s
© .
&E- 0.0 0.0 10.7 EOLXY 28.3
5100 00 143 286 LK
o

N Mild. Mod. Sev. Prol.
Appearing in the set

Silva-Rodriguez et al. Full Conformal Adaptation of Medical Vision-Language Models, IPMI’25 (Oral).
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Interpretability of conformal sets

» Use-case: diabetic retinopathy grading. Top-1 accuracy: 71% ; Coverage: 90%.

R 93.7 5 08 00 > 0.0 0.0
>z 0.0 3 | 0.0 0.0
o= E'E
o o
L3 S N
8 g— RGN 29.3 2.9 b g— 0.1 0.0 2 o
_— [y} ()]
> > O iz
£ 3400 o0 107 ELNY 28.3 3 0.0 0.0
(/0] 7p]
5100 00 143 286 LK o 0.0 0.0 &
o o
N Mild. Mod. Sev. Prol. 4 5
Appearing in the set Set size distribution Cov.
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Interpretability of conformal sets

« Use-case: chest X-ray findings classification. Top-1 accuracy: 81% ; Coverage: 90%.

s s

Z 16.8 22.6 - 19.8 498 296 09 0.0
> 6 40 1.1 5 372 71 10 0.0
g,U E"U
O o .- e
- O c E
8 8 38 349 474 155 22 0.0 .ﬂ o
— [1+) Q
S o O, n
o B - E 12.7 5.7 0.2 0.0

E 426.7 106 244 E 27.7 13.2 05 0.0 &

Ate. Car. Con. Ede Eff 1 2 3 4 5
Appearing in the set Set size distribution Cov.
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Implementation & benchmark publicly available

https://github.com/jusiro/FCA

& FCA pusic
¥ main ~ ¥ 1Branch © 0Tags

@ jusiro update mo
BB conformal

B data

local_data
modeling

solvers

utils

)
4

Add file ~

Pin

& Unwatch 1 ~ Y7 Star 3

) 9 Commits

About

[IPMI'25] Full conformal adaptation.

Adapting medical vision-language
models with reliability guarantees.

Silva-Rodriguez et al. Full Conformal Adaptation of Medical Vision-Language Models, IPMI’25 (Oral).

73



Implementation & benchmark publicly available

https://github.com/ jusiro/FCA/blob/main/docs/awesome-miccai-conformal.md

¢ awesome-miccai-conformal By swessne

iiceneS M8 _ Under construction

Curated list of awesome papers on conformal prediction for medical image analysis, published in the MICCAI community.
For a more general list of resources in conformal prediction, we highly recommend the following repository:

MICCAI 2025

Conformal forecasting for surgical instrument trajectory.

Sara Sangalli, Gary Sarwin, Ertunc Erdil, Alessandro Carretta, Victor Staartjes, Carlo Serra, Ender Konukoglu

[Paper] [Code] EEEE

Trustworthy Few-Shot Transfer of Medical VLMs through Split Conformal Prediction.
Julio Silva-Rodriguez, ismail Ben Ayed, Jose Dolz
[Paper] [Code) RS @

Conformal Prediction for Image Segmentation Using Morphological Prediction Sets.
Luca Mossina, Corentin Friedrich

[Paper] [Code] EEEE
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