
Method

Update direction under mixture 𝝅
SGD with a text 𝑥 ∼ 𝑟𝝅 = Σ𝑘𝜋𝑘 𝑟𝑘 moves ℓ(𝜽) by

Align it with the target direction

LLD rule: drop 𝑱⊤𝑱 −!
Fix the recipe in two passes
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!* = arg min! ∑" KL(!, !(")). Fixed recipe: auditable & reproducible.

Pass 1
Iterative-LLD:

re-estimate π(t)
at steps 𝑡 ∈ 𝒯

Aggregate
geometric mean

Pass 2
Aggregated-LLD:
train with fixed π*,
no target access
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Domain Mixture Design via Log-Likelihood Differences 
for Aligning Language Models with a Target Model

Pull a base LM toward a target LM by designing only the domain mixture — no teacher outputs.

Problem Idea
lBring a base LM closeer to 

a target LM in distribution 
by only designing the 
domain mixture of its 
(continued) pretraining data.

lDistillation requires teacher 
outputs during training.

lModels are points in log-
likelihood space.

lDesign domain weights so 
the update direction points 
to the target: softmax of 
domain-level log-likelihood 
differences (LLD).

Results

l Target: CodeNanoGPT (code-related domain ×4)
lBase: random-init
lKL to ground-truth weights: 0.717→0.561

(i) Recovers the target weighting pattern

l Target: Gemma-2B. KL to the target during training
l Final KL (rand/pre): 17.9/12.8 → 14.6/10.3 [bpb]

(ii) Aligns with public LLMs

Adjusted: 
theoretical ref. 
(keeps (J⊤J)−1)

-18% -20%

l Target: CodeNanoGPT. KL to the target.
l Final KL (rand/pre): 3.42/2.84 vs. distill w/ CE 

3.33/2.40

(iii) Close to knowledge distillation

Base

CodeNanoGPT

t-SNE of training 
trajectories in log-
likelihood space

Gemma-2B

Log-Likelihood Space
l Let 𝒟𝑘 be evaluation texts from the Pile domain 𝑘.
lRepresent a model 𝑝𝜽 as a point in ℝ𝐾 using 

domain-wise mean log-likelihoods [Oyama+ 2025]

l Log-likelihood vectors give a model map with

=:Δ𝜽

!’: reference weights 
(Pile-original)


