Efficiently Learning at Test-Time: Active Fine-Tuning of LLMs
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Background Detalils

LLMSs improve by
training at test-time.

e \We evaluate on the broad Pile corpus.
e Test-time training with SIFT robustly
outperforms base model and baselines.

e Goal: Learn a specific model, tailored to
each prompt.
e Thisrequires automatic data selection.
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How can we select data that effectively
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SIFT (ours):

1. The age of Michael Jordan 1s 61 years.
2. Michael Jordan has five children.

Contributions

e We propose SIFT, which selects data
that maximally reduces the LLMSs
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Test-Time Iterations
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1. Estimate uncertainty

Surrogate model: logit-linear model s(f*(x)) with

f*(x) = W*¢(x) [W™* unknown, ¢(-) known]:

s"(x) = s(f7(x))

“trTJ'rth”

sn(x) = s(W, &(x))

fine-tuned model on n data points

Confidence sets: drv(sy(x),s"(x)) < B8s(9) 0alx)

error

scaling key obj.
lwith probability 1 — d]

~s g,(x) measures uncertainty about response to x!

2. Minimize “posterior” uncertainty

“uncertainty” about its response. Yypr = argmin oy () with k(x, ¥) = () ThE)
e S|FT tractably & effectively estimates ot || (e - ko) kano] ) [kt
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Improve the performance of SOTA small

maximize relevance

minimize redundancy

Theory: o2(x) — o2 (x) < YAlen)

language models. co\X) = T/




