Maximizing Prefix-Confidence at Test-Time Efficiently

Improves Mathematical Reasoning
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Background :
LLMs improve at

e Goal: Improve at reasoning by leveraging the mathematica I
models “confidence” about its attempts. .
e Problem: BoN sampling on full attempts is reasont ng When
expensive & unreliable due to length biases. continuing only their most

Can LLMs reliably self-improve at test-time without CO nﬁ d ent P reﬁ XES.
relying on a verifier or reward?
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e We propose Test-Time Prefix-Confidence scaling, Detal |S
which samples N prefixes of length K, and then
completes the prefix about which the model is Model: Qwen2.5-Math-1.5B-Instruct
most confident. N: {8,16,32}, K: 32 (seems relatively robust to these)
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e Compared to majority voting and BoN (“confidence = p -
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CO nﬁdence meaSU res: B Base model —ir—= BoN / self-certainty PC / self-certainty == PC training / NLL
—®— Majority voting —afe— BoN / self-confidence —e—PC / self-confidence PC training / entropy
e Self-consistency / majority voting GSMSK MATH500 AMC23 AIME24 AIME25 avg time (s)
Base 84.6 73.6 55.0 10.0 13.3 47.3 10.68

o Baseline requiring full attempts

BoN@8 self-confidence  83.0+0.3 71.3+04  48.0+14 10.3+09 8.3+19 44.2+05 8543
self-certainty 83.8404 71.8+03 49.8411 11.74+09 8.7+16 45.2+04 '

e Self-certainty

self-confidence  82.0+0.2 69.7+0.2 44.8+1.2 9.0+1.3 5.3+09 42.2+0.4

volN@le self-certainty 83.0+02  70.24+04 47.5+14 9.7+10  6.3+18 43.34+05 H/000
1 E’?_ ] KL(UHlfH 717(]/1' | X, Y <i)) Maj@2 self-consistency  86.7404  73.7406 59.2417 103+14 10.0433 48.0+08 21.36
n 1= Maj@4 self-consistency 87.54+02  74.44+02  60.0+25 14.0+10 16.7+19 50.5+07 42.72
Maj@8 self-consistency 88.94+02  74.9+1.1  59.2430 16.7+0.7 15.6+1.1 51.1+07 85.43

self-confidence  84.9+02  73.24+0.1  58.0+05 16.0+04 16.3+03 49.7+0.1

o Se I f- CO nﬁ d ence ( pe rfO 'Mms be St) Feab self-certainty 86.0+02 73.3+02 56.3+04 16.0+0.7 13.3+05 49.0+0.2 1202
PC@16 self-confidence ~ 85.14+0.1  73.4+0.1  58.8+07 16.7+0.0 16.7+0.0 50.1+0.1 18.89
1 09 7T ( | X ) _ n 1 0 7T ( . ‘ X . ) self-certainty ~ 86.4+02  73.0£02  57.3+06 16.7+0.0 13.3+00 49.3+0.1 '
g y 1= 1 g y l 4 y <1 . NLL (4) 85.8+02 74.1+02  59.3+11 11.7+09 11.74+14 48.5+04
PC training 30.87

entropy (5) 85.3+03  75.2+03 57.5+11 13.3+07 12.7+08 48.8+0.3




