Specialization after Generalization: Towards Understanding
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Motivation When does specialization help?

e Intest-time training (TTT) each instance TeSt-t| Ime tra 101 ng : 1. Map test sample to feature space.

presents its own learning problem. 2. ldentify nearest neighbors.

e 1T leads to strong empirical gains. SPECIGIIZCS dIm Od e I tO . 3. Fine-tune classification head.
e But why? Prior explanations relied on == global tmining - majority voing e TTT
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out-of-distribution or privileged data. the con ceptsre levant
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Model H OW’ Whe N . a nd Why d O0es TTT consistently outperforms global

Linear representation hypothesis: training and majority voting.

@ o o ?
e Sparse high-dimensional concept space ¢. S pECI d I | Zat 10N WOr k . Takeaway. TTT locally improves

predictions for underparameterized
models, but its improvement diminishes as
models become overparameterized.
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m High-level (monosemantic) concepts.
e Targetislocally linear in ¢.
e Model learns a dense, lower-dimensional

approximation W of concept vectors ¢. 12l ’ ? . e :
mation ¥e How does specialization behave: Why may specialization help?
\ Bk e O1: The learned features V¥ vyield % . T Let any x* be any test point and W locally
oveid ol embedding similar neighborhoods to thoseinthe 5 —— sufficiently expressive to represent f.
v —> ||, ——>v concept space ¢. £ Then under Obs. 1-3, 6*-subgaussian noise
\ = : n L L
\ e ,7‘ e 02: Around the neighborhood of atest & o.- — andbrebg.tlj.ltarlty COtT]d'EO?S’ W'thlh'gh
N nibesttionr. -1 ds / point, the ground truth function can be v random probabliity overine data sampliing.
S s 831 // apprOXimated byaSparse linear S (f(CE*) B <\IJ(CE*) @T;I‘T>)2 <O (02310g(d1/8))
~ S 0:2 fu nCtiOn in the Concept Space q). 204 1 «x1 indicates.fuIAlctionaAl equivalence * o k
di1 > do : activations W ] o ) o ) E ,\(:fTTT in ¥ ? ® space .
- T e O3: TTT implicitly implicitly adjust 21/ NS Takeaway. TTT efficiently learns the
Key idea: Foundation models are globally coefficients based on only a few g ||| [ Tee— meaning of exponentially many concepts
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underparameterized, but learning targets are concepts relevant to the test task. et el fr.om data, whereas global learning cannot
disentangle them.

locally linear.



