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Motivation

e Goal: Learn a specific model, tailored to each prompt

Test-Time Fine-Tuning with SIFT
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Taking a single gradient step on each selected data point

e Requires automatic data selection (like with RAG) 1 SIFT selects informative datal
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2. Test-time fine-tuning reduces next-token prediction

error of SOTA models!
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2nd step: Minimize “posterior” uncertainty

GPT-2 (124M)  GPT-2-large (774M)  Phi-3(3.8B)  Phi-3 (14B) Gemma-2 (27B)
. * .
X,41 = argmin oy ;o4 (x2)_ with k(x, x") = ¢p(x) " (x")
X 4 prompt Context Fine-Tuning A Context Fine-Tuning A Context Fine-Tuning A
— a T (T = \ -1 ~ . - GitHub 74.6 2.5) 28622  |56.0 GitHub 74.6 2.5 31022  |43.6 DeepMind Math 100.8 75.3 125.5
* DeepMind Math 100.2 (. 70.1 2.1 130.1 DeepMind Math 100.2 0.7 74.223) 126.0 GitHub 71.3 46.5 124.8
k(x g xl) k(xl . xl) k(xl ¢ xn) k(xl 4 x) k(x . xl) UsS gatems 87.4 (2,51) 62.2 36) 125.2 US Patents 87.4 2.5) 64.7 3.8 122.7 FreeLaw 78.2 67.2 $11.0
. . = - . FreeLaw 87236  65.5@2  [21.7 FreeLaw 87236 68312 1189 ArXiv 101.0 94.3 16.4
= argmax + AL * GPT-2 GPT-2-large Phi-3
X k(x*, x,) k(%,, X1) k(% %) k(%,, X) 4 k(x™, x,) ’
k(x*, x) \ k(x, x;) k(x,x,)  k(x,x) | ) k(x™*, x)

Key Takeaways

maximize relevance minimize redundancy

A2 O(A log(n))
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~~ predictions can be only as good as the data and the
learned abstractions!

Theory: 0%(x) e Test-Time Fine-Tuning is a promising approach to

improve LLM performance at test-time

e SIFT selects better data for fine-tuning than Nearest
Neighbor retrieval



