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Ask a Strong LLM Judgewhen Your Reward Model is Uncertain

/Zhenghao Xu, Qin Lu, Qingru Zhang, Liang Qiu, llgee Hong, Changlong Yu, Wenlin Yao, Yao Liu, Haoming Jiang, Lihong Li, Hyokun Yun, Tuo Zhao

Reward Evaluation Results Downstream Alignment

Pairwise Uncertainty Quantification

Background and Motivation

> Motivation: Reward Models (RM) are central to RLHF but > Policy Gradient from Preferences: For each prompt z,

> Pointwise BT RM: prompt z, response y — r(x,y) > Improved Accuracy-Cost Trade-off

suffer from reliability and efficiency issues. _ | | sample y1,...,yx ~ mg(- | ), minimize the PG loss
e max, K . v)~D, ll0g(o(r(T,yw) — (T, 11)))] e Baseline: random routing with the same number of
> Bradley-Terry (BT)/classification RM: Fast but brittle. judge calls 1 B
e Issue: Solution r(z,y) ~ r*(x,y) + s(x) not unique, Loolicy(0) = —— ZAZ- log mg(y;|x;)
e QOutput: Scalar pointwise reward or pairwise preference hard to assign prior, UQ ill-posed . K —
score Routing Num of Calls Reward Hench (%) _ _
> Pairwise RM: prompt , response 41, ys — p(, 1, yo) chat chathard safety reasoning avg. (vs rand) We use RLOO advantage estimator, which can be recovered
. y ’ ’ ’ ] . . ~
e Pros: Low inference cost (~ generate 1 token) ~orone 0 SRl S o S o from pairwise preference p:
58(19%) 961 748 895 917 88.0 (+0.8)
. ¢ IaX, E(w,yw,yz)NDprefUOg(O(p(x?y’LU’yl)))] . 274(92%) 964 768 898 03.7 89.2 (+1.7) 1
e Cons: Poor OOD generalization . | | neeriamnly  719(24.1%) 969 803 898 95.4 90.6 (+2.4) A =r(z,y;) 1 S:T(% Ys)
| e Benefit: Well-defined binary classification, yields gen- 1270 (42.5%) 983 812 900 970 91.6 (+2.5) it
— Overfit to spurious patterns in limited training eralized preference model, principled UQ possible T oam  oea 139 s9e oo 87.2 1
data, e.g., style, tense, format biases _ _ Random 719(24.1%) 950 759 902 915 8.2 T K1 Z (@, yi) —r(z,y;)]
equire large amount of data to fix/mitigate > UQ Method: Spectral-Normalized Gaussian Processes 1270 (42.5%) 955 775 916 919 89.1 i - )
- R (SNGP, Liu et al. 2023) DeepSeck-R1 ~ 100% 955 858 91 969 92.3 PREYiYs
> Strong LLM judges w/ reasoning: More reliable but slow. : , RM Bench (%) e Also applies to other PG methods using MC samples
. Routin Num of Calls .
° ArChltECture. SN layer and GP head i chat math code safety easy normal hard avg. (vs rand) and mean basehne, e_g_, GRPO

e QOutput: Long CoT and final verdict of better response

No routing 0 67.1 595 542 912 §72 720 449 68.0

e Logit g(h): Measures preference strength (Aleatoric).

242 (2.0%) 687 600 547 914 874 733 455  68.7(+0.2) H
Pros: S f - C Uncertaint 1285 (10.7%) 69.6 649 597 920 89.1 763 492 716 (+1.6) > Downstream Ahgnment Results
® F'ros: >trong perrormance gain rrom ol P . . . M di Y 3188(26.7%) 713 738 687 926 914 815 569  76.6(+3.1)
e Fosterior covariance U(ﬂf s Y1, yz)- easures distance 5270 (44.1%) 732 835 783 927 936 869 653 819 (+4.8) — —
_ _ _ o o ] . Model Num of Calls Arena-Hard (%) AlpacaEval 2.0 (%) M'T-Bench
— Can |dent|fy key attributes from superf|C|a| ones, to training data (EpIStemIC). ﬁﬁﬁ‘ﬁi}%} 2;3 222 ggg 3:‘% g;g ;i"? jg‘g ?gg viL.1 WR LC WR WR Tunl Turn2 Avg
Random . . . . k . . . .
e.g., correctness from format o 3188 (26.7%) 69.6 693 636 913 894 770 540 73.5 Base model - 4.5 3731 363 198 680 747
® Predlctlon: p(% Y1, yQ) — g(h)/u(a:, Y1, y2) 5270 (44.1%) 70.1 768 699 916 910 813  59.1 77.1 No routing (10.0) 0 — 3540 S—— 519 608 7.63
o Cons: Hich inference cost (O fen > 1k tokens) ight DeepSeck-R1  100% 768 957 878 920 940 913 789 88.1 Uity (1L35) 7668 G5%) 259 %25 @:mer 58 11 1E
- B 5 e Benefits: Single model (vs ensemble), single inference Uncertainty (1.30) 10522 (9.0%) 28.9 2634 2853 303 713 763
block th line RLHF . | y g ' & 93 Uncertainty (1.20) 21363 (18.3%) 298 2645 2891 795 740 171
OCK the online training loop : _ , ] —
(vs MC dropout), distance awareness 3 —8— Uncertainty 92.3% (DeepSeek-R1) Random (135) 7523 (6.4%) 2.5 2570 2855 809 720 771
2 921 -m- Random e Random (1.30) 10854 (9.3%) 27.7 25.14 2829 793 674 74
BT RM vs LLM judges on RM-Bench (Hard) < /// Random (1.20) 20474 (17.5%) 28.5 2598 2851 800 662 745
1.40 - 1.40 - o o1 e
100— ‘ ‘ ‘ — E 90 - ,,/ __26.4{ —@— Uncertainty 9
T O P X ~m- Random
— 8.9] 1.35 - 1.35 - C R ~ 26.2 -
< 80 4.4 > 2 B S o - ® 26.2
~ = — © -
60 T © S - O 26.0 - -
§ 50 A6 6 E 1.30 - o 1.30 - % 88 - ’,z’r 5' ///
5 40 < " _e— ID (Train) < o 87.8% (No Routing) ~N 25.8- el
2 87 T T T T (_U 7
< 20} | 1.25 - __‘:—_ Ic?o(r\;a(lr)as) 1.25 - 1992 241 42.5 100.0 5 25:6° i
ol S B‘ > —=— 00D (RM) Percentage of Calls (%) §25_4_ S //
do™m -9 3-9 kR 1.20 | | | . 1.20 - < ] \ L7
Rat S\W\'\'Or QWe“DeePSee -2 -1 0 1 2 OOD OOD ID ID 90 : 88.1% (DeepSeek-R1 2.2 u
Reward Difference (RB) (RM) (Val) (Train) _ @— Uncertainty - - - - -
X -l - Random ,,/ 0.0 6.6 9.0 18.3
. : : 5 2 85- Prad Percentage of Calls (%)
> Question: How to get LLM judge quality at low cost: 5 -
: 3 80 ol
> Insight: Not all queries are equally difficult for RM Uncertamty—Based g Pt .
0 i T
_ _ _ - ] - - : e -7 d eaways
e High uncertainty — Low accuracy — Routing to strong > Ro.utlng. Strategy: Define thre§ho|d u, route highly un E » . .
LLM judge certain pairs to the strong LLM judge, get p(z,y:,y;) ~ 2 e We propose an Uncertainty-Based Routing Framework
* * 70 1+ /"
r (xa yz) — T (337 yj) 8‘.0?/0 (No ROlIJting) | fFics I v iud v f _ |
o ( 0 107 267 241 00,0 e Efficiency: Call costly judge only for uncertain samples
N B p(aj7 Yi, yj)7 u<u (Cheap) Percentage of Calls (%) . _ N
0.9 - P, yi,y5) = < _ e Effectiveness: SNGP identifies OOD samples
J(@,¥i,y5), u>u (Accurate)
> 087 Assume LLM iudee's verdict is reliable e Inference time comparison: Uncertain pairs take e Impact: More reliable online RLHF with less computa-
um u verdail IS rell - - - - ([ .
% 0.7 - Jjudg more reasoning time, reflecting their difficulty tional overhead
O
< 1 oy . .
0.6 - c (1 —¢) — Still higher accuracy than random in same time e Future directions:
054 —@— RBcorr=-0.21 J(:c,yz-,yj) — 9§ o (¢ ) _ _ _
“®- RM corr=-0.23 (€); Trigger Threshold o 14 14 1 13 < — Active RM learning, filter samples for further an-
1 : :
0.4 i ! ! . g (1/2)7 Num {ITC;]]_IE: (Ratio) _ 0% 2.0% 10.7% 26.7% 44.1% 100% notations
1.20 1.25 1.30 1.35 1.40 Inference Time (s) - Uncertainty 518 632 1113 2200 3007 5642
Inference Time () - Random 518 625 1093 1979 2615 5642

Uncertainty

— Combine with specialized reasoning RMs




