Domain Mixture Design via Log-Likelihood Differences
for Aligning Language Models with a Target Model
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Pull a base LM toward a target LM by desighing only the domain mixture — no teacher outputs.

Problem ldea

® Bring a base LM closeer to
a target LM in distribution
by only designing the
domain mixture of its
(continued) pretraining data.

® Distillation requires teacher
outputs during training.

® Models are points in log-
likelihood space.

® Design domain weights so 0 -
the update direction points
to the target: softmax of
domain-level log-likelihood

differences (LLD).
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Log-Likelihood Space

® | et D, be evaluation texts from the Pile domain k.

® Represent a model p, as a point in RX using
domain-wise mean log-likelihoods [oyama+ 2025
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© Update direction under mixture =
SGD with atext z ~ r, = X, m, r, moves £(0) by
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O Fix the recipe in two passes
( Pass 1 1 [ Aggregate Pass 2

lterative-LLD:
re-estimate 79
at stepst e T

geometric mean

Aggregated-LLD:
T X (HteTWk )

train with fixed 7",
 No target access

T = arg min, ZtKL(n V). Fixed recipe: audltable & reproduc:lble.
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Results

(i) Recovers the target weighting pattern

® Target: CodeNanoGPT (code-related domain x4)
® Base: random-init

® KL to ground-truth weights: 0.717—
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(ii) Aligns with public LLMs
® Target: Gemma-2B. KL to the target during training
® Final KL (rand/pre): 17.9/12.8 —
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Adjusted:
theoretical ref.

(iif) Close to knowledge distillation ccps )
® Target: CodeNanoGPT. KL to the target.

® Final KL (rand/pre): 3.42/2.84 vs. distill w/ CE
3.33/2.40
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