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A Probing Method to combine Features from Multlple Foundation Models
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Existing ways to adapt

B Align text Proc.iuce Classify ’fhe Reconstruct sre-trained models Examples multiple use new adapted to a Spemahsed
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~ Linear probing 2 Multi-layer probing
v'No backpropagation v Can easily include new v No task-specific 55-00%20% o e0% 80 100% relying on extensive
through backbones models hyperparameter tuning task-specific tuning

Training FLOPs relative to full fine-tuning

v Good performance and minimal compute (5min to train on an RTX 3090 Ti GPU)
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Linear layer with shared
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Images that maximise activations of different neurons

The model and layer producing the most relevant
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e : : : encoder : RADIOV2.5 _/ . _
Linear probing on top of features from different oo A o+ [ - | 9 [T - highest task-relevance scores
_____ DINOV? —eim GAM with Adapter+ 78.0% _ _ _ o
Four ViTs with different trainings:

N ANY AN/
%

layers of different models —— ImageNet-21K —-— Random cus | ) o VIiT distilled from s s n s s = SRR = 2 o « o)
. the four backb |
VTAB-1k SVHN VTAB-1k Clevr/distance Stacked token-wise embeddings Compressed token-wise 4) combined witha DT R DD, SAL SO
Task: Identify numbers Task: Predict distance to closest object from all layers of all models embeddings powerful adapter 76.0% The best individual backbone:
( ‘ DINOv2
) J . .

L) L | We can also use ComBo to |dent|fy and keep only o BE——— A ViT pre-trained on ImageNet-21K
>’1.OO Y CLIP, layer 7 >~1.OO the most taSk-reIevant models v Combining multiple v ComBo outperforms v Further improvements
 0.75 | s 0.75- . . . . A models improves costly distillation when focusing on the
= = Using the norm of learned linear layer weights associated DFN CLIP "ll I" -

S 0.50 Y0.50 . - - | = performance most relevant models
b _ g e tam’ | with each model to measure their importance: DINOV?2 I I I I" I O
;G' 0.25p==0 ;U 0.25 1. Train ComBo while minimising each model's importance SAM I §’ This work was supported by EPSRC Programme Grant
: - o “From Sensing to Collaboration” (EP/VV000748/1), the Engineering and
0. 001 5 3 4 5 6 7 8 9 10 11 12 0.001 5 3 4 5 6 7 8 9 10 11 12 2. Inspe.(:t WellghtS to measure task-relevance SigLIP IIII I I I ® EPSRC Centre for Doctoral Training in Autonomous . Physical Sciences %M \/ 8
Layer Layer 3. Retrain using only the most relevant backbones VTAB-1k tasks Intelligent Machines and Systems (EP/S024050/1), Research Council  &secose oo amon

Oxa, and the Digital Research Alliance of Canada.



