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Generative Reward Model
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ScalarRM GenRM

_____________________________________________________

Query T o :
: ScalarRM [Szx — Score

Response Linear Function
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Scalar-based approach
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* Effective S}X|2t, transparency £
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Generation-based approach
« language model 2| decoding head € T X|5}0{, Language model O] 7tX| 11 Q= generation 8 &&
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4 \
: | feel like I'm not good enough for my job. No matter how hard | try, | keep making mistakes. Should | just quit? |
/

Al . _

:I'm really sorry you're feeling this way. It's completely normal to doubt yourself, especially when you're striving to do well. Mistakes don’t\
mean failure—they’re often part of learning. Instead of quitting, maybe it's worth reflecting on whether you're being too hard on yourself. |
 Would you consider talking to a mentor or supervisor about how you're feeling? You might be surprised by their perspective and support.

Instruct Model X Model with Long Reasoning

! e N #<rubrics> . Empathy & Emotional Validation . Psychological Safety / Non-Harm lll. Constructive, Actionable Guidance ~  \
IV. Encouragement of Self-Efficacy</rubrics> |

| Second I <eval>The first response validates the user’s emotions and encourages constructive self-reflection, offering actionable|

| message. 1" and supportive guidance without judgment. The second response assumes the user’s failure and may reinforcel

l\<z’answer> , \negative beliefs, which is harmful in sensitive contexts.</eval> <answer>The first response.</answer> /'

Judge model QXA

. Query °| £A %l o/ mot Reward Modeling Q_I
. Judge Al O 7 Def (HEHA/NE /2B ) =) : M
. Reasoning Task £ X4
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Contributions

C1. Reward modeling =

259, Natural Language Processing
& Artificial Intelligence

Reasoning task £ S4|2}

- MZ2 2% Z2{|A Reasoning Reward Models(REAS-RMS) = X222 K| ¢t

« Reasoning chain O] 5%

C2. REASRMS %| A

15} =S

—

Ha 870l s8s &Y

A7 |5 &

reasoning T2 AM|A H|Qt

« e CoT FEUCZE &= query?| O|MSt 7 K0S AMBH=H A7 US

. NASL

Chain-of-Rubrics (CoR) Z}=

TEMAE EA 2o rubric & dHotE=

oo

|51, queryOf| &

C3. REASRMS %|H H
« Instruction model Al Etz&= RLVR A
- Reasoning Distillation + RLVR /& AL A E &

ot WHE Mgt
K& A|, Reasoning —E=|0| +§5| AMB X AS
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Preference Dataset
D = {(=®,y®, ¢ 1O}, | € {a,b}

Reward Modeling
T
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RM R Training

_________________________________________________ S
' Inference Model Inference Inference Training Model Task/ Training |
: Input Type Task Output Input Type Object Output |
N — T —— |
I Quer i { isti i i
YT i e e R e A e | I Queryl Distillation |
| | GenRM | “Which response is correct/better?” —_— Answer :—p: . GenRM > Reasoning ]
1 | sl . |
| {yl,yz} L P LS B S RIS ! 1 = Minimize NLL Trace 1
\ %) Judge | . {yl, yZ} T
l _______________________________________________________________________ / N - - - ________._ _____________________
After Training I
5 ST sl R \
I Queryz R e R | v o RL i
i . @ “Let’s verify step by step...” > Answer |_ | Y ReasRM Reward Signal |
! {y1, 92} =¥ SEResREEs e SR ass St saERERT ! i e Maximize R(z,y) ol
N [%] Critique N 7 S Cumulative Reward |~ """ ‘)
| STt After Training )
N e o o o e e ol e e e G G e G G G G G G G G G G GEE G GEE D G GED GES GES S G GED G G G G G G G G G GEe G G G G e -
P = e - e e S e, S e S s o ) RM-RI’s Structured Reasoning
Query v i “<rubrics> ! e ket R e e e ke \
I RM-RI ! RI,R2,R3 l—N ‘Let’s verify step by step.. ._> Answer | | <rubrics>|. Empathy & Emotional Validation. Il... lll... </rubrics> )
| {3/1: y2} '_ f{ryl_)l:IC_S?__‘l """""""""" | <eval>The first response validates the user’s emotions...</eval> |
| “a. Chain-of-Rubrics E Complex Critique | |\<answer>The first response.</answer> ]
N e o e o o e e e e e e e G G G G G G G G G G G = = = - el TR TR R O, PR, S W — ——— — - _——

(1) Reasoning Distillation

« Instruction Model=, Oracle model 0|AM 11&F & reasoning-trace & SFT

+  Reward Modeling 0 22 %t reasoning 53 £

(2) Reinforcement Learning
- Distillation 2’3 0| A training data Ol overfitting

« O|F =5=517] ?I%l RLVR & &3 model 2| st §5 &
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Reasoning Distillation & Artifical Intellgence

M| preference dataset DOIA M 7H2| MEg ol KEZE p, MM (8.7K)

(x®, 58, 9,”,19) € Dy

Oracle Model0l| ¥V 7} x® o] M SE oz ME &l 0|29l Reasoning Trace r) MMz E QX

12| : Claude-sonnet-3.7 2 Z=7| Reasoning Trace ‘&8 (25% 2F)
2THA| - 1EHA Ol M 2F Q1 dataOfl CHSH, GPT-03 Of (&’ EEZE + EEl Trace + dE} 2 O ML

WA E reasoning trace r®, 2 1D & concatenate 8if Z|F Distillation target 4

>

W _ 0 g @

ytrace

X|Z= Distillation Dataset Distillation Loss

_ @
Daistin = {( (l)'yt;ace)}lzl Laisein(0) = — Z Z logrg (ye | X, y<t)
(x,y)€Dgistinr tEllyl]

Tt DeepSeek-Distilled B£0] L5 M Reasoning Distillation O] I3
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Reinforcement Learning S5 & hrtificl ntellgence

Objective Function

JGrpP0O ()

G | jil
1 1 roUie | %, ji<t) ro(Jie | %, ji<t) A
=E__ (16 _ — E — E = ~ A; ¢, clip - - 2 1—¢6,1+€|A;: | — BDky|reCl ) ||mene(-] x)
*~DAjdiza~Te ) 4 U1 IG — ljil { <T901d(]i,t | %, ji<t) v Teold(li,t | %, ji<t) * kLl refl |

t=1

Reward Design

1 ifl=1,

R(Z,J1Ya:96) =0 1 otherwise

Formatting reward =, 0/0/ Distillation & E & XAIE & Lf=7/0f X</
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Reinforcement Learning e Arificlntellgence

Chain-of-Rubrics Rollout
15HA: R2 o m =

=21 TrTo =TT
« Query = Chat / Reasoning & 3}tLtE

Please act as an impartial judge and evaluate the quality of the responses provided by two Al Chatbots to the Client’s question displayed below. =
TT

HI

First, classify the task into one of two categories: <type> Reasoning </type> or <type> Chat </type>.

- Use <type> Reasoning </type> for tasks that involve math, coding, or require domain knowledge, multi-step inference, logical deduction, or
combining information to reach a conclusion.

- Use <type> Chat </type> for tasks that involve open-ended or factual conversation, stylistic rewrites, safety questions, or general helpfulness
requests without deep reasoning.

CHA|: O 5{ Okx o I

If the task is Reasoning: 2 I- = E o 7

1. Solve the Client’s question yourself and present your final answer within <solution> ... </solution> tags. (@) :I

2. Evaluate the two Chatbot responses based on correctness, completeness, and reasoning quality, referencing your own solution. * Rea SOI1I ng TT ©

3. Include your evaluation inside tags, quoting or summarizing the Chatbots using the following tags: o oo Ol _I PN=] x AAR % O_I = (< solution>

=1 —_—— [=]

- <quote_A> ... </quote_A> for direct quotes from Chatbot A EH 1 OI_|-O-|| X|-A| o | I:I:il-% )gl Ao'l )

- <summary_A> ... </summary_A> for paraphrases of Chatbot A C - = = o =

- <quote_B> ... </quote_B> for direct quotes from Chatbot B ° <eval> |_|'7:” Oﬂ A-I A I | = Ol = 7 | L o= T

- <summary_B> ... </summary_B> for paraphrases of Chatbot B response S H | o

=

4. End with your final judgment in the format: [[A]] or [[B]] . _7,<_| —765 &! og « answer> AI_'| E_||'|

If the task is Chat:

1. Generate evaluation criteria (rubric) tailored to the Client’s question and context, enclosed in <rubric>...</rubric> tags. _._

2. Assign weights to each rubric item based on their relative importance. ° C h at _n_

3. Inside <rubric>, include a <justify>...</justify> section explaining why you chose those rubric criteria and weights. N

4. Compare both Chatbot responses according to the rubric. =R Ol =l S | EJ'E rubric % AASZ Acg g o|-_T|_,

5. Provide your evaluation inside tags, using <quote_A>, <summary_A>, <quote_B>, and <summary_B> as described above. 2t 7 7 x| =2 =

6. End with your final judgment in the format: [[A]] or [[B]] | Ly O“ |’3 | = T

. . O — cC
L y « <justify> MEOM &f O 7|2 ==X
&}

. QA Ro2of o £ EHS M
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EXperi ments Setu p =" & Artificial Intelligence
Benchmarks

« RewardBench
« RM-Bench
« RMB

Training Datasets
« Skywork Reward Preference (80K)
- magpie_ultra 22 5 L& X 2|
e Code-Preference-Pairs (8K)

« Math-DPO (10k)

Baseline Category
« ScalarRMs
* GenRMs
+  REASRMS
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Models | RewardBench RM-Bench RMB Average CFA]
ScalarRMs SOTA =2 O
SteerLM-RM-70B 88.8 52.5 58.2 66.5 . el Ql=o] M —
Furus—RM—Tb 27 8 65.9 633 723 RM-R1-DEEPSEEK-DISTILLED-QWEN-14B7} & RE =9| M5 &7}
Internlm2-20b-reward 90.2 68.3 62.9 73.6
Skywork-Reward-Gemma-2-27B 93.8 673 602 738 °* RM-R1-DEEPSEEK-DISTILLED-QWEN-32B & %[ g5 &
Internlm2-7b-reward 87.6 67.1 67.1 73.9
ArmoRM-Llama3-8B-v0.1 90.4 67.7 64.6 74.2
Nemotron-4-340B-Reward 92.0 69.5 69.9 77.1
Skywork-Reward-Llama-3.1-8B 92.5 70.1 69.3 77.5 A= =
INF-ORM-Llama3.1-70B 95.1 70.9 0s s ScalarRM ‘8& S 7t
GenRMs
« 7|Z0|= GenRM O] ScalarRM ELC} 50| B X[=HA LEtH
Claude-3-5-sonnet-20240620 84.2 61.0 70.6 71.9
Llama3.1-70B-Instruct 84.0 65.5 68.9 72.8 N R1& 0| EHW L 70 XA+ 2 =7
Gemini-1.5-pro 88.2 752 565 733 RM-R12 O] SEE Ml <9 ScalalRME S 7t
: Skywork-Critic-Llama-3.1-70B 93.3 71.9 65.5 76.9 R =o0 - Ol . St O
gl GPT-40-0806 86.7 72.5 73.8 717 7|Z2| GenRM Of 7tX[ 11 Ql= Reasoning 2t
% ReasRMs
=l JudgeLRM 75.2 64.7 531 643
Il DeepSeek-PairRM-27B 87.1 - 58.2 - 11
Il DeepSeek-GRM-27B-RFT 84.5 - 67.0 - Data EffICIency
i DeepSeek-GRM-27B 86.0 - 69.0 - e
ol self-taught-evaluator-llama3.1-70B 90.2 714 670 762 + Instruct 7|8t BRISZ2 Tt 8 7K1 2| KA|TF2 2 distillation2 T3
2 Our Methods .. e
ey v Methods - DeepSeek-Distilled= 800K7H2| OA| 2 =&
g RM-R1-DEEPSEEK-DISTILLED-QWEN-7B 80.1 72.4 55.1 69.2 . N N
' RM-R1-QWEN-INSTRUCT-7B 85.2 70.2 66.4 739 o DEZAO JAX3Fl=El == [H|O|H 7} CHEFO| H|O|HELCH =M THX| /U
8 RM-R1I-QWEN-INSTRUCT-14B 88.2 76.1 69.2 77.8
% RM-R1-DEEPSEEK-DISTILLED-QWEN-14B 88.9 8L.5 68.5 79.6 k=] Eo:l%
3 RM-R1-QWEN-INSTRUCT-32B 914 79.1 73.0 81.2 =
= RM-R1-DEEPSEEK-DISTILLED-QWEN-32B 90.9 83.9 69.8 81.5
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I
o
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Training Recipes
Table 2: Ablation study of the design choices for Reasoning Training on RewardBench.

Method Chat Chat Hard Safety Reasoning Average
Instruct (Original) 95.8 74.3 86.8 86.3 85.8
Instruct + Cold Start RL 92.5 81.5 89.7 94 .4 89.5
Instruct + Cold Start RL + Rubrics 93.0 82.5 90.8 04.2 90.1
Instruct + Cold Start RL + Rubrics + QC 92.3 82.6 91.6 96.3 90.8
RM-R1 95.3 83.1 91.9 95.2 914

» Cold Start RL: == RL 2t ®&
« Cold Start RL + Rubrics: 228 MM3
« Cold Start RL + Rubrics + QC: & & &F(Query Categorization) 7}

« Distilled + RL + Rubrics + QC (= RM-R1)
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Analysis
Case Study

Question: symptoms of sickle-cell disease

Chatbot A:

1. Painful red or yellow skin lesions; 2. Frequent infections; 3. Fatigue and weakness; 4. Anemia; 5. Slower growth and development; 6.
Jaundice; 7. Swelling of hands and feet; 8. Vision loss; 9. Tiredness and weakness after physical activity; 10. Breathlessness; 11. Fever, chills,
and night sweats.

Chatbot B

Sickle cell disease is a genetic disorder that affects the shape of red blood cells. It is most common in African Americans, but can also affect
people from other ethnic groups. The symptoms of sickle cell disease can vary widely from person to person, but some common symptoms
include:

1. Fatigue: ...; 2. Pain: ...; 3. Fever: ...; 4. Anemia: ...; 5. Delayed growth and development: ...; 6. Infections: ...; 7. Pigmentation: ...

It’s important to note that not everyone with sickle cell disease will experience all of these symptoms, ... Therefore, it’s important to consult with
a healthcare provider if you suspect you or someone you know may have sickle cell disease.

Cold-start RL evaluation X
<type>Chat</type>
<rubric> Relevance 40 % — Comprehensiveness 30 % — Clarity/organisation 30 % < /rubric>

Chatbot A provided a list of symptoms that are directly relevant to sickle cell disease. The response is comprehensive and includes
a wide range of symptoms commonly associated with the condition. The symptoms are listed in a clear and organized manner, making it easy for
the client to understand the information. Chatbot B’s response is less organized than Chatbot A’s response, and the explanation of sickle cell
disease may be unnecessary for the client’s question.

[[Al]

RM-R1 evaluation v/
<type>Chat</type>
<rubric> 1 Accuracy 40 % - 2 Comprehensiveness 30 % - 3 Clarity 20 % - 4 Helpfulness 10 % <justify> Accuracy is weighted
highest because providing correct information about medical conditions is crucial. Comprehensiveness is important because ...</ justify>
</rubric>

Accuracy of information: Chatbot A provides a list of symptoms without explanation, but some listed items (e.g. “*painful red
or yellow skin lesions,” “vision loss™) are not typical of sickle-cell disease. Chatbot B offers more accurate information, explaining each
symptom’s nature and severity. ... Comprehensiveness:...Clarity and organization:...Helpfulness:...

[[B]]

Natural Language Processing
& Artificial Intelligence

AN Heto| ZHO| Lot
Query

Chatbot A £ 117 ¥F22 & LI
UX| 2 2=t ME xyt

Chatbot B = 54 =& HX|T H2t

"Relevance" Z2 HEHZAO0| 1
2ot 7|F= 02t &
o= =7t O ™Me| 7t & £ L=
Ol 2 AE MH

oz &AH HFO|M "Accuracy"=
Mg 2% 7|12 (40%) 22 478
Mot 7|22 A9 @B E HOLY

BS MH
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Reasoning Training Effectiveness

Method RewardBench RM-Bench RMB Avg.
Train on Full Data

Instruct + SFT 90.9 75.4 659 774

Instruct + Distilled + SFT 91.2 76.7 654 T77.8

RM-R1 * 914 79.1 73.0 81.2
Train on 9Kk (Distillation) Data

Instruct + SFT 88.8 74.8 669 76.6

Instruct + Distilled * 89.0 76.3 72.0 79.2

2 MG 0 SFT = Label (A/B) BF UF = 2 5fE= &8l

« Reasoning-based method 7} SFT-only method & Y& & A &7t
9k Z distill 2t 8§ =(79.2) Full-SFT8t A (77 HEL E50| &3
- RMB HIX[Or 30| AX7F 53] 2A EO{H
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Analysis

Training Dynamics

Response Length vs Step

T
&0

T
1o

Train Reward vs Step

T
60

T
1o

Response Length vs Step

259, Natural Language Processing
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Train Reward vs Step

070 4
840
065
820
B
- g 0.60
§ %0 &«
5 <
: 0.ss
180
0.50 4
760
048
T T T T T T T T T T
0 10 20 30 40 50 0 10 20 30 0 50 5
Step Step

(b) Warm Start RL

Warm start

« o5 NMS5FH Zlength 2 A%
C

== ZHASH ot =, CiAl length € S
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Conclusion
- BN DHEEZ 'FE N2 XiY 2|t Reasoning Reward Models(REASRM) A€ 21 RM-R1 |t
«  HHA|HQI Chain-of-Rubrics(87t 7|1} Tttt Z27)E A

- 371el SV HX|DIA MM §&-2LELA RMIE SS5HALE 5716t d5 €9

Limitations
.« RM-R1 & “Lf7} Z0, Lf B2 7/FC2 judge” wAl0|7| 120, Policy 7t RM 2| 45S GOl MA &M judge 7t £7t5
*  Results & 25 OX|9} judge A= 8t TEHSE, M4 Rubric 2| Fetd ojzel

« Backbone O] 2% Qwen Bt AEoMot AS
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\5’03 Natural Language Processing

= & Artificial Intelligence

Outcome Accuracy is Not Enough: Aligning the Reasoning Process of
Reward Models

Binghai Wang!"##, Yantao Liu!, Yuxuan Liu!, Tianyi Tang', Shenzhi Wang!*#, Chang Gao!,
Chujie Zheng!, Yichang Zhang!, Le Yu!, Shixuan Liu!, Tao Gui?*, Qi Zhang?, Xuanjing Huang?,
Bowen Yu!, Fei Huang!*, Junyang Lin!

1Qwen Team, Alibaba Group 2Fudan University 3Tsinghua University

ACL 2026
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259, Natural Language Processing

Ba C kg I'O U n d & Artificial Intelligence

Outcome Accuracy ZF2 2= RM 9| judgment £ 22| = ICt

« RM 2 static benchmark Ol Al &2 accuracy & 20 = RLHF O A generalization & Ii

b

_[ok
[>

« @ Ql: outcome supervision — spurious correlation / shortcut 2t2 £ label 2 X3 =&
« Deceptive Alignment: dE label & HEX & O|F 2 &5|= o4 (right label, wrong reasons)

oA
e

7|

tot

« GenRM - LLM-as-a-Judge & rationale 2 44’3 — reasoning process € HH 4
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97, Natural Language Processing

I ntrOd u Ctio n — e & Artificial Intelligence

0.400 ® Gemini
® Claude The Authentic Alignment Zone
® GPT (OA Saturates, RC Differentiates)
0.375 ® DeepSeek ’
: Qwen
P
. I Gemini 3 Pro
I
1 o . o . . . L
5 GPT5 : Main claim = Rationale Consistency(RC) 7| judge &% 9]
4 : —
3 o | T X|®Z2ts AN
c 1
o Qwen3 Plus Thinking Gemini 3 Flash
— . . o —t | e .
2 000 Gemini25Fash @) @ i Clauce ¢ ® « RC: 2% reasoning I human judgment 2| & & EE2lSt= metric
3 DeepSeukR1—051:SDeepS.EEkR1 @ . . 7t . . - =2 HHH 25}
o aweors s i ® ] e s « OA & frontier +7t0| M saturation — GPT-5:Gemini 3 Pro € HYE X¢
g 0275 .
:g DeepSeck V2@ "o 37 ' @ L. L = L . .
5 -~ « 03 vs 03-mini: OA = &&, RC & ~50% X}0|] — Deceptive Alignment Trap
0.250 Claude 3.5 8nnet - ' :
QwerdCoder : e « OA x RC hybrid reward €& — RM-Bench 87.1 / JudgeBench 82.0 SOTA
L The Deceptlv_e Alignment Trap )
0.225 . : (High Outcome via Non-Human Logic)
- « frontier 22 = RC~04 =& — human reasoning It &2 Ot 7§ O X|
Gemini 2.0 Flash ‘
0.200
o3-mini
0.76 0.77 0.78 0.79 0.80 0.81 0.82

Outcome Accuracy (OA)
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259, Natural Language Processing

MetaJudge — Benchmark Construction & Artificil ntelligence

Human rationale £ Al2| 7} 59t Atomic Rationales £ 26f

« HelpSteer3 47l domain x 2507l — GPT-5 Atomic Decomposition — HelpSteer3-Atomic 1,000 instances

« GPT5 atomic decomposition & %]

- YUtNO|1 FEHQ Tss THFOIHA AHHO|2 SAY 7|t Z2AHE X

. 3-77H0) H W XS QABIES AAHAS HE Y

- ™7} Z3IE 28, human annotator2| 3507H2] to|X Z*A7|0| S LTt Decomposition 2H X235 CW-AtomicS M4

Benchmark Construction

HelpSteer3-Atomic

HelpSteer3 Atomic Decomposition Atomic checklist /' 2-000i(2:domains)
free-form human s (GPT-5) —= Rh={ry, ...} \ J
rationale evidence-grounded only 3-7 items / instance \ - ~
CW-Atomic

207 (3 annotators)
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259, Natural Language Processing

MetaJudge — Semantic Matching & Artificial Intelligence

Human atomic reasons R; , Al ‘4/d atomic reasons R,; 7t2| semantic matching =%

« LLM Evaluator 7 Zf human reason r; (r; € Ry) & Ry 2F THESH 555 € [0,1] £0

=1 (2HH YK

° Sjj
« AlI2| reason O| QUZto| O| {2t aiM ZH/FSHIMNK| LX|ot= ES
° Sij =0 (%?EIII):

« 2 (missing): Sl 0|7+ & O}0f| HZSHX| A=

. B #&(contradicted): Q17+t HICHE| = FEE & (Of: 2= SES &Fh

F

o« YUUMH/H| =T A H(generic, non-localized): =X P52 AX|C FHEH =2 HX| Xt Bzt Tls
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259, Natural Language Processing

MetaJudge — Rationale Consistency Metrics & Artificial Intelligence

Dol =& upgo| elzte| ikl HotLt EX|oH=XE S MR HEe)

= 42 Al ZA, A2 AH 1L HA| S = UAS

N (k)

1 Stotal
RC N

kzl‘Rh

« A NZHSl E7F HESOll oo, 4T S0tk 22 0| 2Zhel sy 2 A S EOFLf recall =R ot 4k

-

« Human Reason 2| B# 2|+=82 2|0|
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o o 299, Natural Language Processing

Case StUdy - 03 VS 03'm|n| ‘T’G&Artiﬁcial Intelligence
Outcome 2 £ 2 S 1 &61X| =g
« = Ct A < B HE (Outcome 100%), 12{L} 03-mini = R1-R4 M & miss (RC 0%)
A

« 03-mini: MAl-emoji & surface cue 2|E, X =Xt = AT 8=

e 03:

2%t 2 counting (R3) - MZ Y +2t (R1) - trade-off 214

(R4) — RC 75%

User Prompt: write me powerful ads for Tips, play your game in advance to relieve stress. count limit 100

Response A (Complete Text)

Response B (Complete Text)

1. "Feeling stressed? Play your favorite game ahead of time. Out- | ## Tips Ads (Under 100 Characters):

smart tension, be prepared for fun. #StressRelief #GameTime"
2. "Turn your frowns upside down! Play games beforehand and
let stress fade away. #PrepareToPlay #DeStressNow"

3. "Don’t let stress win. Play your game in advance and enjoy

**Option 1 (Benefit-focused):**

**Option 2 (Intriguing):**

> **Stress got you down? & Play Tips! Relax, unwind, and conquer your day.**

> **Escape the everyday. I Tips: Your pocket-sized stress reliever. Download

! the victory. #GameOn #StressLess" s
= 4. "Take control of your day, play your game before it begins now!
. g ) rd *ky ] : : bk
S Relax, recharge, and conquer stress. #Play Ahead #StressBuster” Opnm‘l 3 (Direct & Adwnible)' . .
5 > **Feeling overwhelmed? % Play Tips! Fun, fast, and stress-free. Get it now!**
o
= Model Model Judgment vs. Human Checklist Accuracy Scores
2
c
- Human Ground Truth Checklist (Total 4 Points): Final Decision:
8 (Expert) [R1] Missing Name: Response A omits product name "Tips"; B includes it. (Ground Truth)
5 [R2] Bad Format: Response A uses hashtags (inappropriate for ads).
E [R3] Limit Violation: Response A exceeds 100 chars (counts include hashtags); B is under limit.
& [R4] Content Missing: Response B fails to include the required "play in advance” concept.
g 03-mini Selected Generated Reasons: Final Decision:
a (Weak) ® Response B explicitly formats the ads as "Under 100 Characters," addressing the count limit,
> whereas A does not reference character count. Outcome Score:
o ® Response B’s use of emoji enhances appeal and modern ad style. 1/1 = 100% (Matched)
t ® Response A lacks clear separation between different ad versions, while B clearly labels each
Q option. Rationale Score: 0/4 = 0%
=) 1 ‘ (Missed R1, R2, R3, R4)
o) (fo
= 2
© J
T i
g 03 Selected Generated Reasons: Final Decision:
© (Strong) o A breaks the "count limit 100" instruction; at least two ads are 110-120 chars long, while B
=z keeps every option under 100. (Hit R3) Outcome Score:
g I-“A) never mentions the product name "Tips"; B explicitly builds every slogan around "Tips". (Hit ~ 1/1 = 100% (Matched)
g o Although A uses "p!ay in advancg" it fails major constraints; B omits that wording but follows Rationale Score:
K length/name constraints better. (Hit R4) 3/4 = 75%
= sis: The 1 for ual verif  R3. It i he  (HitR1.R3
= 2
S
a
o




"”’: Natural Language Processing
& Artificial Intelligence

Measurement Reliability of RC metric

[Spearman p= 0.85]

® GPT L
0375 ® Gemini - Max: 0.359 Max: 0.332
b
0350 @ Claude | 4 GPT-5(0.359) &, ® Sonnet 4.5(0.332)
- ® DeepSeek i
o <0
X 0325 /’ @ DeepSeek R1(0.303)
2 0.300 PRe ® GPT-5(0.279)
8 o ‘./" Sonnet 4(0.293) )
2 0275 Lo Sonnet 4.5(0.288) & # Sonnet 4(0.257)
P .J, DeepSeek R1(0.282) o GPT-4.1(0.242)
S 0.250 o GPT-4.1(0.264) & (0.
3 ot Linear Fit GPT-40(0.253) @ ® GPT-40(0.222)
0225 e y=0.97x+0.00 Sonnet 3.5(0.242) ¢.
- . ’I ——————
’ R?=0.983 | DeepSeek V3(0.191)
0200 @ RMSE = 0.006 DeepSeek V3(0.217) ¢ ® Sonnet 3.5(0.190)
03-mini(0.205) ® 03.mini(0.177)
0.200 0.225 0.250 0.275 0.300 0.325 0.350 0.375 Min: 0.205 Min: 0.177
Score by Qwen-Plus HS-Atomic CW-Atomic
(a) (b)

Insensitivity to Evaluator
« MetaJudge Z2| Y IN A evaluator 2 LLM A3}, 0[O 2 bias =X FF =0
« HZFZ 22(Qwen-Plus)tt F2 2 (DeepSeek-R1)ZE 242t M5 07 H| L

o T 8770 Aol YOt Robust = 20 F

Dataset Generalization

« HS-Atomic <+ CW-Atomic ranking Spearman p = 0.85 — domain-annotator &t} 20| &

« domain Z™ & BtH: Claude Sonnet 4.5 7} creative writing 0lA 1912 &5
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. %>, Natural Language Processin
Hybl‘ld Rewa rd RLVR é’;g;rti;icl;iallgnteglligpence °

Outcome Reward + Correct rationale § 25 2795}= gating reward

e Ryuicome - human label &X| O£ binary signal (7 or 0)

* R, 4tionale = Average Precision : 3§ Reasons & 42|0f| B{X| 5} = = soft ranking constraint

|Ral|Pk]Ik
AP = (P@kxI(k))

* Rrationale = IRy

° Rfinal = Rrationale x Routcome

GRPO x| X3}

_ 1«6 mg(0i]q) "
« J(6) = Eqo [GZi=1< o1 BDKL)]

* Ryationate &= 152 reasoning-verdict =& X| reward hacking &4
e Ryutcome VHAl ZEESE hybrid Reard modeling B
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259, Natural Language Processing

EXpe rimental Setu p & Artificial Intelligence

&Y pipeline 0| A| reward signal 2t W X| ot controlled comparison

 Base model: Qwen3-14B / Qwen3-30B-A3B

Dataset: HelpSteer3 atomic checklist

 Training-time MetaJudge: Qwen3-Turbo

¢ GRPO: Ir 2e-6 / batch 256 / n=8 samples/prompt / max gen 12K / 2 epochs
« Baseline : Ryyicome TF APE, LIHX| 24 20 5

« "7} RM-Bench (subtle diff-style bias) - JudgeBench (knowledge-reasoning £t
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7>, Natural Language Pr in
Results — RM-Bench & JudgeBench S i genee
Rationale supervision 0| outcome-only CHH| E+# +5%p, 30B-A3B & SOTA

- Total Avg: 14B 76.8 — 82.9 - 30B-A3B 80.3 — 84.6  GRAM-R? (83.4) - Principles-Qwen32B (83.8) 2|

« JudgeBench & 5 scale 25 +7%p 0| — deep reasoning domain O A 0|5 &

« Code 0|5 &: outcome-only = code correctness 7 &2 St&SIX| 22 (RM-Bench Code 81.3—+84.4)

RM-Bench JudgeBench

Models Total Avg.
Chat Math Code Safety Overall Knwl. Reas. Math Code Overall
LLM-as-a-Judge

: GPT-4ot 67.2 67.5 63.6 91.7 725 50.6 54.1 75.0 59.5 59.8 66.2
‘r'_lé Claude-3.5-Sonnet? 62.5 62.6 54.4 64.4 61.0 62.3 66.3 66.1 64.3 64.8 62.9
g DeepSeek-R1—0528+ 76.7 74.3 51.0 89.2 72.8 59.1 82.7 80.4 929 78.8 75.8
c
éﬁ Scalar Reward Model
E Skywork—Reward—Gemma—2—27l?»i 71.8 59.2 56.6 943 70.5 59.7 66.3 83.9 50.0 65.0 67.8
.TGU Skywork-Reward-Llama-3.1-8Bi 69.5 60.6 54.5 95.7 70.1 59.1 64.3 76.8 50.0 62.5 66.3
E Generative Reward Model
f, RM-Rl—Distﬂled—Qwen—SZBJr 74.2 91.8 74.1 954 83.9 76.0 80.6 88.1 70.5 78.8 81.4
= RM-Rl-Distﬂled-Qwen-lélBJr 71.8 90.5 69.5 94.1 81.5 68.1 72.4 87.8 84.2 78.1 79.8
§ RRM-32B* 66.6 814 65.2 794 73.1 79.9 70.4 87.5 65.0 75.7 74.4
§ Nemo‘cron—Superi 73.7 91.4 75.0 90.6 82.7 71.4 73.5 87.5 76.2 77.2 80.0
e Reward Anything-8B-v1* 76.7 903 75.2 90.2 83.1 61.0 57.1 73.2 66.7 62.6 72.9
% GRAM-R?! 76.0 8§9.8 80.6 96.2 85.7 90.9 83.7 87.5 61.9 81.0 83.4
c Principles-Qwen32B* 80.4 92.0 77.0 95.5 86.2 74.6 85.7 85.7 90.5 81.4 83.8
© Training GenRMs with Outcome Supervision (Baselines)
o}
2 Qwen3-14B (Outcome-Only) 72.3 92.6 77.8 91.7 83.6 55.8 80.6 78.6 85.7 70.0 76.8
9 Qwen3-30B-A3B (Outcome-Only)  68.7 95.9 81.3 93.6 84.9 65.6 87.8 82.1 76.2 75.7 80.3
o
5 Training GenRMs with Outcome and Rationale Supervision (Ours)
% Owen3-14B (Ours) 75.7 95.7 82.2 93.2 86.7 66.9 86.7 91.1 90.5 79.1 82.9
= Owen3-30B-A3B (Ours) 74.9 95.5 84.4 93.6 87.1 73.4 89.8 82.1 95.2 82.0 84.6
o
(@]



. 7>, Natural Language Processin
ReSUItS - RLHF & RC Ablatlon ‘s gtrti;i;algnteglligpence °

Method Hard Prompt Creative Writing
Score (0/0) CI (0/0) Score (0/0) CI (o/o) MEthOd HelpSteerB-Atomlc CW—AtOl‘I‘llC
Before Post-Training Score A Score A
SFT 12.61 (-1.6 / +1.3) 41.12 (-2.3 / +2.2) Base Model 02505 _ 0.23%5 _
Post-Training with RM using different methods
Outcome-Only 1910  (-1.6/+18)  62.00  (-1.7 / +1.6) Outcome-Only 0.2108 | 0.0397  0.1677 | 0.0708
Ours 21.22 (-1.6 / +2.2) 69.08 (-1.6 / +1.9) Ours 0.3718 10.1213 0.2526 1 0.0141

GenRM 7H40| downstream alignment 2 O|0{E

« Arena Hard v2: Hard Prompt 19.10 — 21.22 - Creative Writing 62.00 — 69.08 (+7%p)
o creative writing 2| implicit constraint (2 222X} ) — outcome-only reward = gaming O F|<f
« RC ablation: outcome-only = base CHH| RC 52t (—0.040 / —0.071) - ours = && (+0.121 / +0.014)

« OOD (CW-Atomic) M= 74 FX] — O L}2 generalization
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97, Natural Language Processing

Tl‘a i n i ng Dyna m iCS =2 & Artificial Intelligence

Outcome Accuracy Reward Rationale Consistency Reward
0.90
0.88 i 0.35
0.86 A = { ) !
J | . B 0.30 Gap: ~24.2%:
0.84 " N ‘t r - ﬁ f
LI ‘ J: | / 0.25
082 ' ,|- f ‘. Rationale alignment collapses
0.80 I 0.20 without constraints
0.78 Adding rationale consistency reward /
' does not impact outcome learning 0.15
0.76
0.0 05 1.0 15 2.0 0.0 05 1.0 15 2.0
Training Epoch Training Epoch
= Qurs (OA+ RC) QOutcome-Only

Outcome 2 S¢, rationale 2 21

Outcome reward M2 & 20| Ho| 5 — HEF MEH 2 rationale 810| & S5 E

Rationale reward = outcome-only 0| A X|& Sl2f — %X[F ~24.2% gap

ZZ H|80| reward @ U8tA At — ZEO| ZHY surrogate cue 2 CHA|

Outcome level 2 aligned 8l 20| & logic level Of| A drift
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259, Natural Language Processing

Train i ng Dyna miCS Sy & Artificial Intelligence

Diagnosis

« Outcome accuracy = deceptive alignment € EX|s}X| £¢t

« RC + MetalJudge £ reasoning &= robust otA kst

Training

« Hybrid reward (R_rationale x R_outcome) = RM-Bench 87.1 / JudgeBench 82.0 SOTA

« RLHF creative writing +7%p - rationale degeneration &%

Limitation

« 1&=%E human annotation 28 )Frontier 22X RC < 0.4)

« Synthetic rationale = O}Zl human judgment logic 2| CHX|X{ 7} OfYl
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Natural Language Processing
& Artificial Intelligence
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