Neuron-Aware Data Selection for Annotation-Free

LLM Self-Distillation
Zhuowei Chen, Xiang Lorraine Li @ University of Pittsburgh

University of

Pittsburgh.

“@ Neuron-Signal Matters

Activated Neuron

/ /f t A A
4 | )
predicted token 'é ey § B Y 4 ] _ Thresholding
! Neuron 51
2 \  Acts = ||Layer L \
(=& A (=T | P Y A B i _ Thresholding
4 ) =
= 6
r=-0.369,p<10
TranSfOrmer > ':é Layer k I | I I I
- c Thresholdin 000 025 050 075  1.00
Layers I D e $ Norm #Neuron Acts
N o @yer 1, Each neuron’s contribution to the predicted token Y
input [cokens S~ Sign of Hallucination
[ [ [
ng,i — kz | (Wout,i ) e??)a
Contrib.  Acts Down-Proj LM Head
Score Value Vector Params.

£ Data & Context Selection

Indicate Reasoning Pattern
\

A. Data Selection B. Context Curation C. Self-Evolving Training
( pi N . N[ I e
Pick clean, prone to correct samples Few-shot context retrieval Reverse-KL distillation .
Unlabeled (. ~ via neuron activation overlaps EMA teacher For Annotation-Free Self-
G CIAS Zero-shot rollout .. : .
(frozen LLM) 8 po( [x) Distillation:
000 Few-shot Demos with o Student
[ ] N Overl Gradient .
000 51:;:;215 o & Model Update A. Pick clean samples that
l g Distribution | LLMs can self-improve
a N 4 )
Neuron @ o @ ® 0 D
Activation _ L train Teacher - 1
Collection | & || & || & | e o o T Rev-KL B. Select few-shot trajectory
. @ee ) © O QDDD with L that presents similar
EMA : :
f ! ) e ©P DDDD . ) reasoning chain as contexts
Neuron Counte| N; | O © 000
oo @ 000 : * * .
0% | Too Teacher C. Distill Knowledge from the
1 o o © QT iz el context (Few-shot)
J \ J
| NilLeast20% == Dygin ) |\ Ci=topK Rollout Neighbors - »0J@ pe([x,C) y K /

~ Results

SciKnowEval MMLU- Domain H, Student

Hyeur Teacher AH T—-S Avg@8 Gain

Method Eval:  gip MAT. PHYS. CHEM Avg. e Pro Avg. c 0240 0737 0002 008
HEM. . . —U. —U.

Qwen3-4B base  73.98 71.12 80.20 nA1 74.35 64.95 72.16 72.42 BIO. 0238 0240 10.001 10.04
L MSI in 74.59 061 69.08_204 7854_166 73.72+1.61 73.98_0.37 66.9512.00 68.60_356 71.91_0.51 MAT. 0.268 0.251 —0.017 +2.27

cross 68.57_354 6548_720 67.02_3384 71.19_129 68.06_397 58.14_1577 73.46, 009 67.31_5 1, PHYS. 0.257 0.247 —0.010 +2.93

in 75004102 73.264214 8298,278 7243.032 7592156 64.95.000 72.04_0p.12 73.44.1 02 . ..
TTRL cross 73.31:120 73321064 71281041 73461097 72.84.081 7447, 055 73761129 73.2710.84 Table 6: Teacher-student per-token logprob entropy on the training set.
I i 19] in 76.21 12.23 73.41 }-2.29 83.43 }-3.23 72.63. 0.52 76.42 . 207 o 71.91 —0.25 7952 -1.60 "

MO | cross  69.50-2.61 72794011 68.33_253 70.76_172 7035_160 = — 73304083 70.94_1.1s N 4 Findines
Cross F2:41 +0.61 1324 +0.59 71.37 +0.51 73.59., 0 T2.7744 0.70 7522 +1.31 13.74 +1.27 73.32 0.90

Table 3: Cross-domain evaluation on Qwen3-4B, Avg@8. For each method, in reports the score of
the model trained and evaluated on the same source domain, while cross reports the average score of
the same source-trained model on the other target domains. Subscripts report A against the untrained
Qwen3-4B baseline computed on the same target-domain support. The full results are in Table E
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- Internal neuron activations are strong data-
selection signals, shifting data selection beyond
traditional output-level heuristics toward internal
neuron analysis.

- Context selection is a key axis of self-improvement.
Beyond selecting reliable training data, high-quality
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Table 4: Cross-domain calibration on Qwen3-4B, reported as ECE, computed from majority-vote
confidence. For each method, in denotes source-domain ECE, while cross denotes the average ECE
of the same source-trained model on other domains. The full results are in Table 8.
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Selected contexts help most when they make the
teacher distribution meaningfully sharper than the

student’s, producing a stronger distillation signal.
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Decision-Making from Offline Datasets to Online Adaptation: Black-Box Optimization to Reinforcement Learning.



