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How do we train vision models today?

SSL / Joint Embedding (JEPA)
Objective: invariance across augmentations

Representation: strong global

Vision-Language (VLMs)
Objective: align image + text embeddings

Representation: strong global

SSL / Masked Image Modeling (MIM)
Objective: reconstruct / predict masked patches

Representation: strong local

Generative (Diffusion / AR)
Objective: generate images by modelling data distribution

Representation: strong local
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How do we evaluate vision models (for global tasks) today?
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Are these evaluation protocols suitable 
for pre-training families optimizing local representations?   
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Are these evaluation protocols suitable 
for pre-training families optimizing local representations?   

Method Architecture k-NN
Linear 

Probing

MAE (MIM)
*optimizing local

ViT-L/16 58.2 76.0

DINO (JEPA)
*optimizing global

ViT-B/16 76.1 77.3

*ImageNet-1k validation set results. 
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Are these evaluation protocols suitable 
for pre-training families optimizing local representations?   

Method Architecture k-NN
Linear 

Probing
Attentive 

Probing (ours)

MAE (MIM)
*optimizing local

ViT-L/16 58.2 76.0 79.3

DINO (JEPA)
*optimizing global

ViT-B/16 76.1 77.3 77.8

*ImageNet-1k validation set results. 
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Attentive probing

… Classifier Attentive Probing
Attention 

mechanism

Encoder  Using local representations.

 Aggregating them through attention.
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Attentive probing: Issues

 Attentive probes vary significantly.
 Often suffer from over-parametrization.
 Lack of framework for comparison.
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Attentive probing: Our contributions

 Attentive probes vary significantly.
 Often suffer from over-parametrization.
 Lack of framework for comparison.

 Systematic benchmark and analysis of attentive probing methods.
 New method achieving best performance vs. parameter-efficiency trade-off.
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Vanilla Multi-Head Cross Attention (MHCA)

- Input vector u, input features X, linear projections WQ, WK, and WV, multiple heads.

- Given input features X, the goal is to generate an output image-level feature y.



ICLR 2026April 24, 2026 15

Vanilla Multi-Head Cross Attention (MHCA)

Our question: Can we simplify this architecture?
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EP: Efficient Probing (removing WQ,replacing WK)

- WV lets Do to be a smaller dimensional space than Di, e.g., Do = Di/8.   

- Learn M query vectors in the full-dimensional space Di directly.   
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Attention maps of EP with 8 queries (EP8)

- Each query captures complementary regions.
- Semantic correspondences emerge (e.g. tails, beaks, feet).
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Accuracy vs. # parameters
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- Recall: WV lets Do to be a smaller dimensional space than Di, e.g., Do = Di/8.   
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- Across pre-training methods.

Accuracy vs. # parameters
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- Across backbones of varying size.

Accuracy vs. # parameters
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- Across datasets.

Accuracy vs. # parameters
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Comparison of pre-training paradigms

- In terms of different evaluation protocols.
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Comparison of pre-training paradigms

- In terms of different evaluation protocols.

- largest gains.

- largest gains.
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Comparison of pre-training paradigms

- In terms of different evaluation protocols.

- moderate gains.
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Comparison against PEFT methods

- Common PEFT methods: LoRA, BitFit, Layernorm tuning.
- EP >> LoRA on a single layer, BitFit, and Layernorm tuning.
- EP on par with LoRA on all layers.
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But can they be complementary?

- Combine the most parameter-efficient LoRA with EP for different Do.
- Resulting LoRA + EP: new dominant region in accuracy-parameter plane.
- Improving over both pure LoRA and pure EP.
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Take-home messages

- Efficient Probing (EP):
- Is plug and play.
- Is compatible with all pre-training paradigms.
- Unlocks the potential of families optimizing local representations.
- Is complementary with PEFT methods.

OpenReview
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