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A. Vision-Language Models (VLMs)
○ Contrastive Language-Image Pre-training (CLIP).

○ Zero-shot and few-shot inference.

○ Calibration in contrastive VLMs.

○ 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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Foundational Vision-Language Models (VLMs) 
are transforming computer vision

“An orange sports car”

Visual domain Language domain

Visual 
encoder

Text 
encoder

Representations 
should be close

CLIP: Radford et al. Learning transferable visual models from natural language supervision, ICML’21 (25,000 citations)
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Promising zero-shot generalization 
(in comparison to standard task-specific learning)

6
Radford et al. Learning transferable visual models from natural language supervision, ICML’21



Contrastive Language-Image Pre-training (CLIP)
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Radford et al. Learning transferable visual models from natural language supervision, ICML’21



Contrastive Language-Image Pre-training (CLIP)
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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 
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Radford et al. Learning transferable visual models from natural language supervision, ICML’21



create “class prototypes” 
From label text 

evaluate image-text
cosine similarities  

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



create “class prototypes” 
From label text 

Winner class: highest cosine 
similarity 

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



“Zero-shot” prediction for new tasks

Visual 

Encoder

Non-cancer

Grade 3

Grade 4

Grade 5

0.05

0.16

0.55

0.24
Softmax

outputs

Text 

Encoder
“A prostate histology image

of [CLS] tissue.”
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Radford et al. Learning transferable visual models from natural language supervision, ICML’21



Beyond zero-shot: Few-shot generalization 

Few-shot fine-tuning (linear probe)

Class 1: pneumonia

Class 2: normal

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

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

Prompt Learning Adapter

Test-time prompt 
tuning

14



Calibration in contrastive VLMs

CLIP

CLIP

1: Zero-shot prediction

2: Adapt the model

15
Murugesan et al., Robust calibration of large vision-language models. ECCV’24



Medical Vision-Language Models
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Medical Vision-Language Models

17
Shakeri et al. Few-Shot Adaptation of Medical Vision-Language Models, MICCAI’24 (Spotlight)

Silva-Rodríguez et al. Few-Shot, Now for Real: Medical VLMs Adaptation Without Balanced Sets or Validation, MICCAI’25
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Conformal Prediction (CP)
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Conformal Prediction (CP)

Error rate, 

e.g., 10%
Sets

GT: NC

Set: [NC]

GT: G3

Set: [G3]

GT: G3

Set: [G3,G4]

GT: G5

Set: [G5]

GT: 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.
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Split Conformal Prediction (SCP)

Calibration set (labeled)

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

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

Papadopoulos et al. Inductive confidence machines for regression, ECML’02.

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

Calibration set (labeled)

Test set (unlabeled)

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

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

3. Create sets using the threshold as rejection criteria. 

Papadopoulos et al. Inductive confidence machines for regression, ECML’02.

Vovk et al. Algorithmic learning in a random world, Springer’05.

e.g., 0.43
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Theoretical guarantees in conformal prediction

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 𝐷𝑐𝑎𝑙 and 𝐷𝑡𝑒𝑠𝑡.

4. Finite-sample guarantee – holds on average across random experiments.
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Theoretical guarantees in conformal prediction

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

Coverage guarantee
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Theoretical guarantees in conformal prediction

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

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

“I guarantee you predictive sets with coverage of 90%, 

with a probability of at least 95%, and a 1% tolerance error”
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Theoretical guarantees in conformal prediction

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

“I want predictive sets with coverage above 90%,  with a probability of at least 

95%, and a 1% tolerance error.  I have N=500 calibration samples:

which nominal coverage should I use?”
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Theoretical guarantees in conformal prediction

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

Sets more conservatives, 

will decrease efficiency

“I want predictive sets with coverage above 90%,  with a probability of at least 

95%, and a 1% tolerance error.  I have N=500 calibration samples:

which nominal coverage should I use?”
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Foundation models and conformal prediction

1. Standard task-specific training scenario.

𝐷𝑡𝑟𝑎𝑖𝑛
𝐷𝑡𝑒𝑠𝑡𝐷𝑐𝑎𝑙

↑↑ 𝑁𝑡𝑟𝑎𝑖𝑛 (labeled)

Model

Train Predict Quantile Inference

𝑁𝑐𝑎𝑙 (labeled)

CP
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Foundation models and conformal prediction

1. Standard task-specific training scenario.

2. Modern scenario with zero-shot VLMs.

𝐷𝑡𝑟𝑎𝑖𝑛
𝐷𝑡𝑒𝑠𝑡𝐷𝑐𝑎𝑙

↑↑ 𝑁𝑡𝑟𝑎𝑖𝑛 (labeled)

Model

Train Predict Quantile Inference

𝑁𝑐𝑎𝑙 (labeled)

𝐷𝑐𝑎𝑙

VLM
Predict Quantile

↑↑ 𝑁𝑐𝑎𝑙 (labeled)

CP

𝐷𝑡𝑒𝑠𝑡

Inference
CP
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Foundation models and conformal prediction

1. Standard task-specific training scenario.

2. Modern scenario with zero-shot VLMs.

3. Modern scenario adapting foundation models.

𝐷𝑡𝑟𝑎𝑖𝑛
𝐷𝑡𝑒𝑠𝑡𝐷𝑐𝑎𝑙

↑↑ 𝑁𝑡𝑟𝑎𝑖𝑛 (labeled)

Model

Train Predict Quantile Inference

𝑁𝑐𝑎𝑙 (labeled)

𝐷𝑐𝑎𝑙

VLM
Predict Quantile

↑↑ 𝑁𝑐𝑎𝑙 (labeled)

𝐷𝑎𝑑𝑎𝑝𝑡 𝐷𝑐𝑎𝑙

↓ 𝑁𝑎𝑑𝑎𝑝𝑡 (labeled)

adapt Predict Quantile

↑↑ 𝑁𝑐𝑎𝑙 (labeled)

VLM

CP

𝐷𝑡𝑒𝑠𝑡

Inference
CP

𝐷𝑡𝑒𝑠𝑡

Inference
CP
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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?”

𝐷𝑎𝑑𝑎𝑝𝑡

𝐷𝑐𝑎𝑙

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?”

adapt Predict Quantile

↑↑ 𝑁𝑎𝑑𝑎𝑝𝑡+𝑆𝐶𝑃 (labeled)

VLM

Inference
CP

𝐷𝑎𝑑𝑎𝑝𝑡+𝑆𝐶𝑃

↑↑ 𝑁𝑎𝑑𝑎𝑝𝑡+𝑆𝐶𝑃 (labeled)

𝐷𝑎𝑑𝑎𝑝𝑡+𝑆𝐶𝑃

𝐷𝑡𝑒𝑠𝑡
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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?”

adapt Predict Quantile

↑↑ 𝑁𝑎𝑑𝑎𝑝𝑡+𝑆𝐶𝑃 (labeled)

VLM

Inference
CP

𝐷𝑎𝑑𝑎𝑝𝑡+𝑆𝐶𝑃

↑↑ 𝑁𝑎𝑑𝑎𝑝𝑡+𝑆𝐶𝑃 (labeled)

𝐷𝑎𝑑𝑎𝑝𝑡+𝑆𝐶𝑃

𝐷𝑎𝑑𝑎𝑝𝑡+𝑆𝐶𝑃

𝐷𝑡𝑒𝑠𝑡

𝐷𝑡𝑒𝑠𝑡
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Full Conformal Prediction

There is life beyond vanilla split conformal predictors!!!

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



43Saunders et al. Transduction with Confidence and Credibility, IJCAI’99.

Vovk et al. Algorithmic learning in a random world, Springer’05.

Full Conformal Prediction
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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.

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

Full Conformal Prediction

A: For each test data point…

B: For each label…
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Saunders et al. Transduction with Confidence and Credibility, IJCAI’99. & Vovk et al. Algorithmic learning in a random world, Springer’05.

Full Conformal Prediction

A: For each test data point…

B: For each label…

1. Train model on joint dataset
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Saunders et al. Transduction with Confidence and Credibility, IJCAI’99. & Vovk et al. Algorithmic learning in a random world, Springer’05.

Full Conformal Prediction

A: For each test data point…

B: For each label…

1. Train model on joint dataset

2. Search quantile in training data

3. Accept/Reject label
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Saunders et al. Transduction with Confidence and Credibility, IJCAI’99. & Vovk et al. Algorithmic learning in a random world, Springer’05.

Full Conformal Prediction

A: For each test data point…

B: For each label…

1. Train model on joint dataset

Training a model for each test sample and

label combination. Computationally unfeasible
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Full Conformal Adaptation (FCA)

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

A: For each test data point…

B: For each label…

1. Adapt the model on joint dataset

Leveraging efficient linear probing solvers, the

adaptation phase takes few milliseconds

Pre-computed embeddings from a

foundation model.
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Full Conformal Adaptation (FCA)

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

A: For each test data point…

B: For each label…

1. Adapt the model on joint dataset

2. Search quantile in training data

3. Accept/Reject label
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Interpretation: Why does it work?

y

x

test

Full Conformal Prediction
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Interpretation: Why does it work?

y

x

test y

x

𝒚 = 𝒇 𝒙
(pre-trained)

error y

x

𝒚 = 𝒇 𝒙
(trained)

Full Conformal Prediction
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y

x

test y

x

𝒚 = 𝒇 𝒙
(pre-trained)

error y

x

𝒚 = 𝒇 𝒙
(trained)

Full Conformal Prediction
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A fast trick to check exchangeability of the pipeline

y

x

y

x

Adapt + Split Conformal Prediction

random 

permutation 

Full Conformal Prediction
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A fast trick to check exchangeability of the pipeline

y

x

y

x

Full conformal prediction

random 

permutation 

Random permutations do not

affect the score distribution.
𝒚 = 𝒇 𝒙

The model is trained using the test point:

Full Conformal Prediction
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Full conformal prediction loop

y

x

Full conformal prediction

Full Conformal Prediction
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y

x

Full conformal prediction

Full Conformal Prediction

Full conformal prediction loop
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y

x

Full conformal prediction

Full Conformal Prediction

Full conformal prediction loop
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y

x

Full conformal prediction

Full Conformal Prediction

Full conformal prediction loop
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y

x

Full conformal prediction

Full Conformal Prediction

Full conformal prediction loop
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y

x

Full conformal prediction

Full Conformal Prediction

Full conformal prediction loop
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y

x

Full conformal prediction

Full Conformal Prediction

Full conformal prediction loop



63

y

x

Full conformal prediction

Full Conformal Prediction

Full conformal prediction loop
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y

x

Full conformal prediction

Full Conformal Prediction

Full conformal prediction loop
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y

x

Full conformal prediction

Full Conformal Prediction

Full conformal prediction loop
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Full Conformal Adaptation (FCA)

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

Average performance across tasks

(from 4 until 20 categories, 8 in average)
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What about non-conformity scores?

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

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

Sadinle et al., Least ambiguous set-valued classifiers with bounded error levels, Jour. American Statistical Association 2019
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What about non-conformity scores?

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

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

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

Sadinle et al., Least ambiguous set-valued classifiers with bounded error levels, Jour. American Statistical Association 2019
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What about non-conformity scores?

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

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

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

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

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

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

𝑦𝑖 = "Mod" ; 𝐶(𝑥𝑖) = ["𝑀𝑖𝑙𝑑", "𝑀𝑜𝑑", "𝑆𝑒𝑣"]
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Interpretability of conformal sets

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

• Use-case: diabetic retinopathy grading. Top-1 accuracy: 71% ; Coverage: 90%.
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Interpretability of conformal sets

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

• Use-case: chest X-ray findings classification. Top-1 accuracy: 81% ; Coverage: 90%.
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Silva-Rodríguez et al. Full Conformal Adaptation of Medical Vision-Language Models, IPMI’25 (Oral).

Implementation & benchmark publicly available

https://github.com/jusiro/FCA
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Silva-Rodríguez et al. Full Conformal Adaptation of Medical Vision-Language Models, IPMI’25 (Oral).

Implementation & benchmark publicly available

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