0 P LA B R o 3 5 B O Y

Vijay Viswanathan ©  Yanchao Sun® Shuang Ma** Xiang Kong®
Meng Cao®* Graham Neubig” Tongshuang Wu"
© Carnegie Mellon University *Apple

Abstract

FRABL A TIE Y., PASRARAI IR PR 4o sAbA I 0 32 Tt
L~ﬂ& WEEHEW R A g E SEEARE. EIRAT
TAEA, FAI$EE TR RGN . FrE TR MiniE, 1E i ik 7
5] 5354 Bt 1H 5 mﬁﬂﬁ $¢%PER, %kﬂ]%sﬂji’ “Akﬁaﬂﬁﬁiunqjﬁif?iiit%%
>]” (RLCF). M¥g&H, i
{WﬁMﬁﬁﬁﬂ€H%%ﬁﬁ?,%E%ﬁﬁ%ﬁﬁ%ﬁﬁRL%%ﬁo
FA TR RLCF 5 W T — 3t KI5 IR 7Y (Qwen2.5-7B-Instruct
)%Emﬂ%ﬁ%ﬁ T%% TﬂAﬁfﬁﬁnm%@L =
—FERAEUE DI S ERE ) 15, WIEFE FollowBench [ 1 4 s A0 ™
WIEER, £ InFoBench _l:ijj[]T 6 &, PAMAE Arena-Hard _I:EF BT 3A
BRI, TXBESE LA ST T 15 B S I 1 W B o M S Fh 3k 2 R R
H AR e T, ©

1 515

A BRI T R A BE SRV I o G 8 ACRERE T 1A S AL B F R 5 2 A ) 58
BHFAES A3 e SR T A % R S A ) P R [Cierall, D024a) . [
T BEAS 52 BUE 241 SR AU BE ORI 50, XA T THORBEZ M FEER. £
HIRN$ES, X T L4 S HE [Zhao efall, D074, Zheng ef all] .

W45 F R LT3 i A AR ISR DA 4 -+ e e i, el A
KB 5 >) (RLHF) o 354 R0 2 SRR 25 AR A 26 U Mg . [Rafel
efall, OT9] , P 52 b —ER I T il 5 28— 15 00 06 8 ) 1) 2 245 BY [Wang et all, 2022,
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Prompt

List of airbnb in Singapore for 2 pax less than 5000 pesos per night

Teacher Student
Generate Generate
Checklist Candidates

DPO
1. Does the text provide a list of Airbnbs in 1. 47.9 %100 Score 4 “To find Airbnb’s in Singapore for 2 pax (2
Singapore? (weight: 100/100) 2~ 0.0x700 77.0 people) [...]
2. Does each listing accommodate 2 people? 3 100.0x7 Below are a few hypothetical examples ...”
(weight: 100/100)
3. Does the text provide useful tips if real- 1 0.0« o score 2. “l apologize, but using pesos (PHP) to describe
time listings are not available? weight: 75100 > 852 ( 165 prices in Singapore may be confusing ...”

3. 60.6 x

Figure 2: A4 7ok BAGE 2 B smAb22 >, A SRAE A i 57 i 32T ] 7 A i 4R 1 2
IBLBY AT ITAS . FERRATRAR Y, e E, OTEEMFES T EE R ER, X4
AR A RIS . AT VR4, RIS i — IR &R B, SRS R
BOHTob2E>

5T, A FR T HER PSR AR G (22
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PR AR Re R A, (HIEX R AR T B2

Bhy, ﬁﬁ?%ﬁi@ﬁﬁﬂf% [Eisensfein_ef all, 2073]
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A, WA T B A - B ik as 227, X AR5t ~) Bl ] BE [Swamy etall, DO2S]
o BMERS T 2 MR KR BOSEB I M L, X AR T —2H [ e AR v] DA 4T 1) [Bai
et all, 2027, Glaese ef all, P0274]

TEASCH, FAMR A DS “ATUTRES VA F 2t (ATEENTARE) . RiE (5
P P 7T )« DU (A B S A 22 57— 20« L@ AT 4 4 B 7 pey 7 20k
AR RN PEAY , ANITAETE T B 5 oA RO 15tk ) 27 Ohitt, FRAT T3 A
QRIS AT, 2RI N BT A A B R Bt Y5 fE 27 >) (RLCF) . XAy
FREAFIRATAY PG B AT RELE Ao RGN [RIARIES 2 [ IR 39w 7 4 1 A 3 £ Ay
— ARBVRFE R /AT IR, XL RETRT DA Hy AT 80 [0 5 e o A A T 0 A P A ] 25

AT L EE ke :

Lo FRATHEIR T —Fh TR R A sl A B A i B i o B

2. FAi1# T WildChecklists, 33X /2&—~H 130,000 45484 MM A& B (Gl ad & B BY)
B . ST, AR R i H & T — MRy, PAE
FHNIAG . AT R IR A N —Fh TR ALK, DABEAR RIS

3. FAHEE T —FBREIL, TR AR M AT, MRS, I
T A AR] A P A% SRy ket e 7 R4 T HE R DA AR i 15

4. FEATAE A fd ] WildChecklists 1K % 22 S 15 % Quen2.5-7B-Instruct #7423 3
W, MRS A5 K Bt 7B S 8008 T35 280 .

TE W 25 25 45 424 (IFEval, InFoBench ., FollowBench) Fl—f%}i% 4t B (AlpacaEval, Arena-
Hard) 1 5 DEUEMNCHT, 3047 4 81 RLCF 76 i A3 75 2 g S P2 it 7 3%, mIE—
JORT Tt B BEUE O T G R RE . MR, P BB AL B R B AR S EATE,
(1] 7. AF FollowBench [14)°F-¥ R ¥ FE % |, RLCF #H#& T Qwen2.5-7B-Instruct
PALT 5.4 % WAL T, #E InFoBench 3 IA TR R FA 6.9 % BMHXT T, I HAE
Arena-Hard F 6.4 % pAEXHE T} [Diang et all, 2023, Om et all, 2074, Cirefall, 2074 . REH
PRIk, RLCF AUFRE— N EUNEAL, TCREEMA B AN R, (X fh oy ik
AT 2T e, FRATRAEIEE R, E T X6 5 N B mir AW R (5
VEZ RSB AAR Y ), (Al iR LR A VA iR 2 2 (5

2 R
R HAER . BRI R X —FIIRATE MR, WA T
1L WL R AR R (B SRR R A 3 MEET).
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Manual Evaluation Automatic Evaluation

Metric | Direct Candidate-Based \ Direct Candidate-Based
Naturalness 94.9 93.9 88.0 85.1
Objectiveness | 88.5 91.9 88.9 89.7
Comprehensiveness | 74.0 82.0 69.2 64.8
Atomicity | 68.0 90.0 98.6 99.0
% Preferred Overall | 38.0 56.0 | 40.6 51.2

Table 1: FKATA YA HAK ) 5t 5 7 T DA SR A if- b IEAEPIFPZON R A O R . TahiTAl 2
1& InFoBench “easy” FJH[ 50 47 LHEATHY, 1 B 3744 gpt-4o £ InFoBench K BT 500
17 BT,

2. A AR P AR SR AR T 40 5 A3k 5 S8 A T ] 25
3. FUA L B B G R EOR AR 2" i, RN A SBOA R Z .

N TR ESC# 3, AR AT (s RSB R SRy T ) AE IR (A Y
MFE5 1) o BETRERILEE, R P 2o o L R A e b ) A 3, kA 1A 2
E%ﬁggﬁ(@?E@%ﬁ)ﬁﬁ?%(ﬁﬁ%*?ﬁ?ﬁﬁﬂifﬁﬁﬂ,%ﬁ%*ﬁ
A HINET) -

MR PO o BATDFIT T PIRR G FA J5 i

o AT R HLPE R — M F R 45 8 1945 % [Cookef all, DO24] rhfEHL— M B X Fp
%ﬁg%@@ﬁa@ﬁﬁﬁﬂﬁ%ﬁﬂ%ﬁ@ﬁﬁﬁ%%@%m@,ﬁﬂ%%@ﬂﬁ%
PR

* Candidate-based: FATRFESRM TG BUEATII T, BRI & 20 B KW FAi]
Pl TR B TR B e AN R R B R, SRS s 1R S AR A G S A ]

?}%\%M§J%§)%@$ﬁ§%° TR ERE, RATER BB B —A “EZE” NE

H T AT, FATT A InFoBench [Qin et all, X024 i) fir A 34 AE iUk 2 i . FAT 06T
gpt—4o MEIRTE. FOULPE. ATHME AR 11 5 TN B A T FR R T VR AL, AR5 R |
%ﬁ%%%*ﬁoﬁM¥ﬂwﬂﬂme%“%$%”%%w%%éﬁgﬁ?%ﬁﬁmﬁ
D3FAR

Mable T P2 2R BoR, HHEEE SR LLM AR Uil B s 9 28 . SR1, 7] LLM 42 fkqa ik
MR, o R A — B E AR AL AR TR T B TEPTOPEAG R o K
AP 2 S —— iy TR R G ANl 8 —— 5 i 252 — 2. A& 2L,
230 RLINGSG, 2R RBACH FIfIERE. 7622 v, AR T il e 0y A 4 )
i B AR BB A S A R

AR EIEATIE WAL . FERRBIAY LR, FA ] A B 52 Bl A 35 25 T SURAAT I A2 pl
W )57 1 e AR, AN R TRA R MmN, IR 1 3 . FEZ Bi) TAES, Sunefall [2023]
b T A, 24 TS | S S AR B YN A AL, SE AT S SR A AT 2
JlARZ B s = AT B e R 18 2 R MR X A 1A, A X — JEL B DA S HoAth s P 4= BR 5 0]
LR T3 A2 2] 5 [Glaese ot all, DOV, Baretal, DOD2] , 36 LT A2 LRG3
T PRIER", MERERFIAY . TR AL R R 1) T TR
WK, MR AN ER S P84 TE R BT 2) M W SRS R SCR$E 4, JoigH:
BORTME . KA. aESER R E”, AHR R EEEARCEE SN 1007100,

BEsEA s AR TEER L, JATk H WildChat [ 130,000 /M54 2E 0E B, PAAY
RS, WildChecklists, A T A A 17 VAR fBeikmm ., FeAT 1 Qwen2.5-0.5B,
Qwen2.5-1.5B. Qwen2.5-3B fil Qwen2.5-7B [Yang et al], ?074] . Qwen2.5-72B-Instruct &
K PP YA ) AR A

3 A R b T Ak )

%7€ WildChecklists, FA @t DA ARy RL Az 18 e it B F) i 2 580

RGN N Ry 1 et A ~) . FRATTIE SE TR B A S m o R AR R X o T4
AR, FATA 1.3 (IR 0.9 1 top-p RAEPT ML o X b2 BT 3 o ] (i 5 45
A5 TR N TSI R PAG | A A Z M 5 TR T T B
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RIEVE 4 — N RR . — AN A — A Bl R AT H, AT — 4 LM
PE AT — AN 56 E AR e 19 414 e 6 8] B R AT PR 2. X TSR R B E W A
(Qwen2.5-72B-Instruct ) A — /T 0 3] 100 2 [A| I EE 450 FeATH T34 o2
INTEMSE B R . N TR T 22, TR FORRE 25 B8R, RIEEL
% 25 AN ERAEIE T .

FESE IR OL T, AT B UERE 7 R AT IE 2 LLMS FE PPAk i 5 SCAS 2530 I i) A
WERTAEAE RN, Bt “RlE R/ E DG =AFRE R B “FZ RS AT bz —
[...]?7” [Fuetfall, O74] . >k 7 S iFAC X Se A, FATBIG S0 i TAE, 7518 A B A il e
JUERE ¥ [Dong et all, D074, Zhon ef all, DO23] . FATHHERIIAE 2?2, AUHEATLA] DA E B AR HL
IR FAG RIS UE B R I, A BRI A A . SRR R AL B T — AN N A, JR
MR R G SR o 68 (0 8 100), IF5 AL HIES T,

Dl VR o X TR AW 7 )RR A AR 2 2 — A B BEPE G, AR X 2203 AL
P, PAREAPRIE A A B MR . O T A AR RS (55, FRATH
PREAmA R, FEEA RAG AR 2 A — AR LTS Y 40 %. X EREA THECR Fad
ML O SRHA H R {5 5 BN o SR SR AT 7 BB s R S AR o e rh gy
BOARAIARIC Y “HRAEY, FFRRX LR H R 4L [Rafailov efall, DOZ3] f) {4 X o

4 SEEBEEMAR
41 g

NGRS 9 TR D7 ¥R AN [ 15 oK IR, FRATEEH WildChat, 53 & A BR T AR A1 R 114
MG AL SR B H AN e 6y (Zhaoetall, D024] . AT AR . A H il
TP [ RS

BALFRAT A 79558 PASL Quen2.5-7B Hl Quen2.5-7B-Instruct . A T =4 Al HKio EH 5L
WLy, BRAES AU, AT Quen2.5-72B-Instruct .

UNZRFATBE ] DPO XPBLAYIEAT T4, 1%k 2 4~ epoch, HitER/NA 1024, FKIFAIKIE
o 2048, FRAM I ARTLAE T RPE, FRFET RN 3e-6, Fe/NF IRy 2e-6% o FAT
OpenRLHF /(47|25 [Huetall, 0024] | Ff4E-—> 8xH100 %5 i EubATIZ%, 7 524 80GB
) GPU W17, BEIRLYTTE 3 /N

BEUERC FATAE T BEHE EIPASFATAY 7735 IFEval (Zhon'efall, D0O23] , InFoBench [Om
efall, 2074] , FollowBench [Jiang et all, ?073] , AlpacaEval [Duboisef all, 2074] ] Arena-Hard
[Ciefall, 2024] . i = &M EAEANN L ZROROF T ROAEE0RRE ) . S P& i BT 7E A 2R
PR P B AR TE RN R T 18 EE

4.2 Lok

3 THEW] RLCF WA Ik A0, o S S vhlers 7 e 10400, 1 1103
AL (PR — Bl s IR A) AR ALIPH] (6 B — 3P A i SRR &) o
B0 FAT ST BOEPEAT LR, PADKAMEISMARI A AL ok B 4 . (LS
Jil) . AEKH, AT KM Quen2. 5-72B-Instruct HifHL [Hinfon efall, 2OTS]
MY LlamaFactory [Zheng etall, 2024] YEAT{RL .

IR AL FATTR 5 MAZXT i BRI e T MR N G105 35, (HL G i So b v SR i e
RO ph i N e B FEZa MmN o FEIX L, FRATTR B TR & 385 22 S i K 40 % 432
IRFHIER, o FRATEFLAF Rl B4k (Skywork/Skywork-Reward-Gemma-2-27B , [Lii
B all, 2U74K] Al ArmoRM-L1ama3-8B-v0.1 ) [Wang et all, P074R] . iX - 7F RewardBench

SFATEE ] VLLM [Kwon ef all, DOZ3] Hif n S5O HEAT RFE . SRy V06 2 Bimy TAE, %L
YERIR T M50 A )& K [ LM-as-a-judge B RBAS /B BE . AEERE, X7 ALTE
?éﬂ#ﬁi%ﬁﬂ‘]?ﬁﬁﬂ@ﬁ%ﬁﬁ%ﬁo 1£ Bection 5 A v, FRATER T 0] DAZERE BE/INIE R BRI D0 228 08
/bn,

K H AT S A S BT TR (T B, % TARM A7 K Sk, Bl AutoIF [Dong et all, 2024] |
B R I A RN T LM (a2 R R R R B R T

SFEf# ] Ultrafeedback YIZEBEALN;, FoATMH T HeAfaE > 2 3e-7. ML, XASEAEAXF
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O O O
Finetuned Evaluators: ~ Classic RM Fine-Grained ArmoRM (MoE

(“Reward Models”)  (e.g. Skywork) RLHF w/ 19 experts)

Prompted Evaluators: Classic Ultra-  Constitutional Checklist
(“Al Judges”) Al Judge Feedback Al Feedback
(] (] () (]
I f f f f
1 4 16 300k

# of explicit criteria available during evaluation

Figure 3: & B S A AT DAREAL R P4 & AR A 1A, e (BR7R 1Y) PRAS O 25 )2 Jo R
W, I H R R B B — IR TP T2

IFEval (prompt)  IFEval (inst.) InFoBench
Loose  Strict Loose Strict | Avg | Easy Hard Overall
GPT-4 79.3 76.9 854  83.6 | 813 | 893 864 87.3
+ Qwen2.5-7B-Instruct ~ 75.0 72.5 81.8 799 | 773 | 827 76.0 78.1
+ SFT (Distilled) 66.9 64.1 753 728 | 698 | 799 70.6 73.5

+ DPO (via Skywork) 75.8 68.0 832 785 | 76.0 | 81.0 824 82.0
+ DPO (via ArmoRM)  73.8 70.2 81.7 783 | 76.0 | 842 83.1 83.5

+ DPO (via Ultrafbk.) 71.5 69.1 799 777 | 746 | 823  79.0 80.0
+ DPO (via Al Judge) 73.0 68.9 80.9 778 | 752 | 81.0 739 76.1
+ DPO (RLCF) 77.3 72.6 84.1 80.3 | 78.6 | 842 84.0 84.1
Qwen2.5-7B (base) 35.7 30.5 46.6 421 | 387 | 68.8 774 74.8
+ SFT on WildChat 38.1 335 522 48.6 | 43.1 | 78.1  80.1 79.5
+ DPO (RLCF) 43.4 359 564 492 | 462 | 80.6 80.5 80.5

Table 2: RLCF {242y BE A 52 W fir S-R008 S M, (IFEval) SmsBGRTt THERE, TiETf
HEA G SR AL HE NI (InFoBench) Htig B4R 74 7 MR, (1B A A 70 22
HEFTH AL ] 47 ) F42 T InFoBench {939, {FXF IFEval AV SR . Tl 11F 1 (2 i
R TRRIEE RO THEME) , 7 16 s T OESE, 76 I 6 Hbn 1 P g
(76 0.5 DA s 242 BB B A K TP S

[Camberf ef all, P024R] ® _E39345% TAL R M IPHY . H ArmoRM 7E2 BT HFFE Fo x5 3F
HA L [Meng et all, 2024] .

PeREY ALH: e, FRATREAEAARR R B0 B PEAIIEAT LR, il AN Bl 3 E
BATEMFRGIE R EIX B0 1) “BIEUBE”, TR, PR3 S 532 m] R A7E Y 4k
DT (RS S ART DAL Bk, eert) BEfT 15 i0ar, P se g PAK 2)
ATIPH], XS RLCE JLPRIFEASE R (S8 ) SRMITHI SR 25 e 0 ] 100
ZIBJ K. XA RLCF —HEMH ALPEH], @AM

1E tr, FAIGE— XL ASPEAER TR, AT RS Z BT SOR K31k . A
RAEET, KSR AR R PR A IR A

5 &k
5.1 SRETE AR Bk Ab 2y > — S sedt i 5 g

FABE Y 7 vA RUCE AE TG AL EN 5 (MTable | Tabled Al Mabled ) iR ih—e
Tt. 7E IFEval [¥) “SEkA” $8F5 (FERGE BRI mirxd m N EF T2 AL BE ) |, 4 Mabled /7
23T, RLCE MIXTHEE T Quen-7B-Instruct 2.8-3.0 %. 7F FollowBench ({1 Tahle—3
Frs) ", RLCF AEZYSU K1 (CSL, R YR HIEBI) FAR—E T 8.2 %, FFAEF-1
RIXEW R (ITH 2Rp %) B3RS T 5.5 %. RLCF #£ InFoBench 1 (M&ble2 15
) WMRIGRA TR, WS T -5 R R A R AN M 45 R, RN AE B
FET AR A EEN R PR T80Tt 7 CSEMMER R RUFE A IREE R E N

SERLE 2025 4E 7 H, Skywork/Skywork-Reward-Gemma-2-27B Fi| ArmoRM-Llama3-8B-v0.1 7F Re-
wardBench HERZ 43 51k # 4 F1 # 24,
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FollowBench Soft Satisfaction Rate Hard Satisfaction Rate

Level L1 L2 L3 L4 L5 Avg L1 L2 L3 L4 L5 Avg CSL
GPT-4 | 89.2 89.3 87.6 88.1 84.9 87.8 | 89.2 87.6 83.6 83.0 75.1 83.7 | 3.52
Qwen-7B-Instruct 87.4 84.0 83.0 79.6 79.0 82.6 87.4 80.6 72.3 62.2 544 714 3.05
+ SFT (Distilled) 87.5 83.2 84.4 76.8 74.9 81.4 87.5 78.3 73.9 60.7 49.1 69.9 2.90
+ DPO (Skywork) 79.6 84.1 71.7 71.7 78.1 79.4 79.6 81.1 674 629 56.5 69.5 2.88
+ DPO (ArmoRM) 86.4 84.6 79.1 79.2 76.9 81.2 86.4 82.9 69.0 639 497 70.4 3.10
+ DPO (Ultrafbk.) 88.5 84.1 82.5 76.3 72.6 80.8 88.5 81.1 624 635 54.9 72.6 2.98
+ DPO (AI Judge) 87.2 87.9 75.7 79.2 71.6 81.5 87.2 83.5 624 635 54.9 70.3 2.95
DPO (RLCF) 88.6 88.8 83.8 79.9 81.0 84.4 88.6 85.2 75.8 65.1 61.8 75.3 3.30
Qwen2.5-7B (Base) | 55.9 60.7 56.6 56.1 54.6 56.8 559  49.1 36.1 334 19.5 38.8 1.20
+ SFT (WildChat) 654 753 71.6 64.7 65.1 68.4 65.4 69.2 574 469 403 55.8 2.02
+ DPO (RLCF) 70.6  76.0 69.5 63.6 57.8 67.5 70.6 677 496 424 28.3 51.7 2.08
+ RLCF w/o code 70.9 77.1 73.3 66.0 63.5 70.2 709 700  56.5 42.9 36.3 553 2.20

Table 3: 7EDATS SR PLRLR L Sl , RLCF 7£ FollowBench E B A $ighs 3 B4 0GR, i
{02 1 BB 2l A B EA T (i i W 5 O 22 BR AR [ VT I SR AE W T JE R A 1
R A R, A RPN B ROR . “CSLY AU “LYdU R AT
HORIR TR TR IE SR, A8 10 (0 R a R, e (0 Ao bt (EEARAE 0.5
s CSL#£ 0.05 )5 4 B i i AR (R ELIPRL 2 /s

Arena-Hard AlpacaEval
Vanilla ~ Style-Controlled  Vanilla  Length-Controlled
GPT-4 (0314) 50.0 50.0 22.1 353
Qwen2.5-7B-Instruct 51.3 42.8 33.5 36.2
+ SFT (Distilled) 32.6 29.2 36.1 333
+ DPO (via Skywork) 55.1 50.3 44.8 41.5
+ DPO (via ArmoRM) 50.8 46.4 37.6 38.1
+ DPO (via Ultrafeedback) 52.8 47.9 33.7 38.7
+ DPO (via Al Judge) 51.0 44.4 28.8 334
+ DPO (RLCF) 54.6 48.4 36.2 37.1
Qwen2.5-7B (Base) 19.6 24.1 8.9 9.4
+ SFT on WildChat 8.8 8.8 9.4 7.5
+ DPO (RLCF) 19.4 21.6 11.2 10.5
+ RLCF w/o program verification ~ 23.1 27.1 11.0 13.9

Table 4: FATEWAS “@H” T8I EEEME F B VL Arena-Hard #1 AlpacaEval, RLCF fE
BEAELUERY R AR FEAR A B RS 4 Tl 8 A5 AR (B2 a0 T . FRATHE 5 (0 g AR
WRIZER (R R4k ) , 1 iR RN TR, TAE O R (FE 0.5 PA)
2 E B TR AR R DA S 7S o

RLCF —E M 5 T Quen2.5-7B AT GPT-4 [ LR (I i RS & e
M 2.8 % F| 8.4 % RN,

52 &RANFE

1F. ARl 7 | Mable3 1 Mabled wv, FATULEGE B 6 T3 B S it AT Ak > (RLCF) HyJy
VETER Z R ME LT HoAth B 2P R IR R s A2 2T o SR, BRSCRY 22 Rl 28 1 235 S8 DU A0
HYEM K. Skywork (Skywork-Reward-Gemma-2-27B ), J2 RewardBench HEfT4E L THi4
L%l FF InFoBench. Arena-Hard FI AlpacaEval | 333 RLHF B3 T 8 R iy e dt—4 31l
JETE AlpacaEval |, Skywork i RLHF Kl #8# 7 RLCF. #Xifii, Skywork 3| 5:f#) RLHF
1& IFEval 1 FollowBench | N R 2B 4 . [FEAEH, {# ] ArmoRM 1) RLHF ¥£ AlpacaEval £
InFoBench A R 42T, #£ Arena-Hard Fil FollowBench |5 2R & R4S S, AE
IFEval _|IA &R

I T A AR AR 2 R e EREAL, FRATIEX] RewardBench ® il #625 BA K B IEAT TN
TEVEAL . 7E Mables W, FRAT1FE 2 AR A Bk B Al 774315 RewardBench () - HERE 2 0]

ﬁé?@ﬁ@ﬁ WildChat |G A B AR TR] 3 BEERATTAE A JAS 2 R A (A i) B S s oA
Y R H
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| Chat Chat Hard Safety Reasoning

Skywork-27B | 96.1 89.9 93.0 98.1
ArmoRM | 96.9 76.8 90.5 97.3
Checklist-Based Reward | 90.0 80.7 71.4 88.5

Table 5: 7F RewardBench i, 1% Skywork-27B Fil ArmoRM X #1144 i 2 il 2 o 37 ) W
A B O R € FRATTY BT B A X - B i rh R e, (HAEMR Chat
Hard Fll Reasoning iX £ H A PR ZE B RIR 2] T B w5 IR

IFEval (prompt) IFEval (inst.) InFoBench | FollowBench
Loose  Strict  Loose  Strict ‘ Avg Overall SSR  HSR
+ Qwen2.5-7B-Instruct 75.0 72.5 81.8 79.9 | 77.3 78.1 826 714
+ RLCF (direct) 74.3 69.5 81.5 779 | 76.9 84.3 825 728
+ RLCF (candidate-based)  77.3 72.6 84.1 80.3 | 78.6 84.1 844 753

Table 6: i JIHET 0 I A AZ X B0k T RLCF A 2 R 2, X R IR B ot
FIRFPERT T AAZ X BB I3t e o) R

AL A BEAGAE S0, BRAIFEAE “Chat” Fl “Chat Hard” J$%i ' [Cambert efall, 2024B] , #Rif,
SV AN T IR A TS D7 %, (HL TRz (Skywork, ArmoRM) 1
RewardBench bFAYEIMELAGL . X— KI5 VARTIIBIIE— 2, RIS “HERTE" 5
RLHF {47 L2 [B] A A KR 22 [Malik efall, D02, Razin efall, DO2S] . fz)5, HEEEGA
FAFEA G2 A PERT T R E——RLCF H- A SR AE 224X i 6 514 o

1t Bechion 2 1, FRATM AR 7 —Fh B TR A R AL BT TIE, R T — L8
%ﬁ%ﬁ%ﬁ&imT RIS . XA FRAEL RL Y252 A i SE Re AL
AT

& Mbled i, FATDWEFIET “Bpk ™ Tk e Ak AT RLCF I 200 T (U
PR ARG A S B RLCF: 7k IFEval Ef@iR | 2 %, f& InFoBench L [AlFE R4, 7
FollowBench b4 T 2-3 %. —MEFE2 RLCF (i i . TR ER. 7
— MR 2 Qwen-2.5-7B-Instruct © 22417 15 IIZR; NI, i e T iR iR ALk
P AR R BRI A A e i T2 R R .

5.3 B S BTAENIREE Jj vin A7 B H ) 7

\Avg (HSR) \ Format Style Situation Content

GPT-4 \ 83.7 | 833 97.3 78.2 76.0
Qwen2.5-7B-Instruct 71.4 60.0 87.3 78.1 60.0
+ DPO (Skywork) 69.5 62.7 88.0 74.7 52.8
+ DPO (ArmoRM) 70.4 62.0 89.3 71.8 58.4
+ SFT (Distilled) 71.1 61.3 85.3 80.0 57.6
+ RLCF w/o prompt-based scoring 73.6 62.7 90.7 81.8 59.2
+ RLCF w/o program verification ) 73.8 68.7 91.3 80.0 55.2
+ RLCF 75.3 64.0 90.7 80.0 66.4

Table 7: £ FollowBench [, RLCF #5457 BT “INZ" 240, k4 Bl 2 278 50 0] i B
SEAIE . BRI PRI ER” . FATHEN RLCF 4 By TR 52 A5 4.
e 6 i ORIESER, 76 1 0 P RURGER, e K6 /R LR (F20.5 AN
25 E AL TR AR (R LA R

WAL LR S A B T TR, A TR 2y ? Fe I A 7 ot
FollowBench H1 AL 24ysft S0 i) & AR, 401 TRBEd 5. At TFRE , 0T B AL s ot
URHELTR, MR A AT . BRI, IUARIBUR e H45 ol B T T 43
BR800, (e N 5. R ITEWEE], RLCFAE “Jya A0y
BURLEE, O S FETFMCRE R B P MR ], DA SR AR (i, i oA
5 ) 3 R 25 R 1 R 0T 55 0 X RS RORAIET A1, % HEAE B R B4
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Responses Skywork | Al Checklist | Checklist
Reward Judge (code) (judge)

Prompt Translate to Spanish: “Hello how are you doing?”

1. Is the generated text in Spanish? (weight: 100/100)
2. Is the text an accurate and complete translation of the English sentence? (weight: 100/100)

“aHola, £cé6mo estis?” | 25.5 | 100.0 | 100.0 | 952

“HOLA, £COMO TE  ESTAScaller"H!impo-

rtant"Endpoint  unfinishedUTF8gbsn " > vak

dao ”“UTF8gbsn &t <"[...]2 0.0 100.0 100.0 0.0
user

Translate into Spanish: "Hello, how are you doing?"”

Checklist

Prompt make a sentence with “dense”

1. Does the generated text contain the word “dense”? (weight: 100/100)

(gl 2. Is the generated text a coherent and grammatically correct sentence? (weight: 75/100)

“The forest was dense, with trees so close together that

hardly any sunlight could penetrate to the ground.” ‘ 3.1 ‘ 100.0 100.0 ‘ 973
The forest ﬂoorl waf blanketed with a thick, lush layer 30 100.0 100.0 9.6
of dense vegetation.

Prompt How does dyspraxia affect the delivery of incident command in the fire service

1. Does the text explain how dyspraxia affects [...] (weight: 100/100)
2. Does the text have a logical flow of information? (weight: 90/100)
Checklist 3. Does the text cover multiple ways dyspraxia impacts incident command? (weight: 80/100)
4. Is the text free of irrelevant information? (weight: 75/100)
5. Is the text concise (weight: 75/100)

“Dyspraxia, also known as developmental coordination

disorder (DCD), can significantly impact the delivery of | 77.2 100.0 N/A 83.6
incident command |[...]”

“Dyspraxia, also known as developmental UTF8gbsn 1/} ‘ 0.0 ‘ 0.0 ‘ N/A ‘ 136

S Eok: BRI EEE REMA T L7

Table 8: XI5y FLLG A [ G A B (9 5050, FATA RIS T Bk, Stk ALV
WA, ARG MERE. TR 4.

Rk n] BRI R M AT .7 ) o SR RN, B R BRI AL ST S B AR, i HAt
SR T RE e 24 2] S R R e B R

o CaBIe 8 H g i S B8 B4 T 1 8 PR A T idE— 2 SR T X —{R % . FRATMEER], (IR BT
WARER) AT PEEE AR R B9 8 R AR FE55— M1, A ko — GIRng e
BCPYPEA 15, AL VPR — e E R E Y, (L& s m%w)ﬂ#¢@ﬁﬁﬁﬂ(@§%
HZ MBS AE ) #F47 100 4. [, Skywork-27B ) T X% HAG AR SUEA
H%ﬁ%@ﬁ%$%EKEMﬁﬁ MHEZ T, ﬁﬁﬁﬂk%ﬁu%WAﬁﬁ@ﬁWﬁ4*
ﬁﬁ%f@ﬁ;%ﬁ%Ahﬁﬁ TMME%%&%%ﬂM7 E— s, Bk
157 ks

54 TR AL IG5 ?
4n Seciion3 H i, RLCF J7 ik — 4> LLM P#F] - g

PRUKE), RITLIBEN B 5 2 SRy 2 AR FEval  nFopench FolowBench
PEATIr . BERATRY T, AR s0q " o0
25 S GREEH 1.3), HBUKLET A T4 | R | -
fi. 70

Qwen2.5-7B Instruct Avg of 3
1 o, FRATTPRAL T RLCF #2725 Avg of 5 = Avgof10
(ARSI, S SEABTARY At AN [ i () SR AEAS 43 o X T " Avgof25

H A2 Gy WildChat 1SR H S0 R 5) = s
FE—/ 8xh100 #5 5 b, ffif] 3. 5. 10 5 25 4VkE E}%&; 425%(:%?%‘/\@ e %%g%
ARG FIAERE T 32, 40, 72 F1 92 /A, FRATIMER Pore R, SEnl
e - R (LU S e FEA B BB o 2
S (PR 55 %) .
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), i AT E BRI FEATE IFEval ® 41 InFoBench

I REBUE AR . % FollowBench, {ii ]

D 25 AMHEARIIEOL T, B VR O I TR

2 BRI EEE (FRREAE “INZ” 1 “REoL” ?@ﬁ?@%ﬂ*%fﬂﬁi%ﬁ@i&%)o X
ﬁ?ﬁﬁ;&%ﬁ%ﬂ?&ﬁ%ﬁ%ﬁﬂﬁﬁaﬁ%, E S R A5 A B T2 S RGN . AT
25,

6  FHE I

A LT R IAR S MREE . —TIWFTE & HAES IR R 2R 454, TG
TPAHE) 3[Rl RS 2R )35 4 [Xaefall, DO73, He et all, D074, Sun ef all, P74, Dong et all, P074]
o FIFRAT—HF, XSO PEAE YNGR E B DPO. SIATARK)Z, FAIH2—Fhml A
HTALE SR RIE R B ZhiPAlids, B VP A AR v B RAR A I Y A T30

FATH TP A AT RS HT F B IR R HITFC i “ALR” SRds Sk
S TR TARZ 5 R i R i), BRI ikl i BR8P )b fE [Tunstallef all, DO23]
o — 21 ARifE [Curefal, DO23] JEATHE S AERATHIE SO, FATX LT PFAl Y 00 4 2Rt
]y UltraFeedback [Ciiefall, DO73] | % BUEH U B2 AR FRATRA X B L 4
TS a) AT B, 4N Sparrow [Glaese et all, PI27R] Y, Constitutional Al [Baiet all, ZO77)
APIFRAE N ARA LAE . FATHY LAEE S Jemi i A 2RI E  RL [Sunefall, 2023]
A B A RE RS (XA O¢ A 56 . #F Mable , Mable3 , Mabled 1, FATRR THEUI il fE
LT R AR AL ) il X [Cief all, DO74R, Wang ef all, PO74d] .

AT TAE SR AL A 2 2 F- AT 18 S A B 55 PR AN 10 07 24 BF 48 07 1] 25 W) #H 56 . Cook
BEall [D024] W], FERIININ. LA LLMs (i O TR A i A e dE s . ol
FE, Sahaefall [ZO23] 5 I AR B A 2 2 K 42 5 2 PR MEFRAT- 45 . [Saad-Falcon ef all,
DO2A] i FHAG A F R AN E SR, A T & BAS Ar JAE i S AL ] A T2 Jidsisl . 4
BTATHA, FATH TAE R S R RAR  ¥E N H T 2T RL i I1%%.

AT L /T TAE I =A BRI s, TR RLCF SEE i T “ MB350z 487
—ARRIBAL (Quen2.5-72B-Instruct ) NI R/MBEER{E AT KW, R
% RLCF AT 7 AT 2 i HAB BT 72B HOMA k. Uk, S T BRBIERA TG SCii
B, AT TAE RIER T HEFMEE RL. FATIAH, (8 FIAZ RT3 SO ke I 25T SR me o
HE R — D N AR SE . e, FATHARR ALIEH it B e s
Qwen2.5-72B-Instruct X 130k 35 -E5 213K (i 57 Xt 47384, #E-E A 80GB GPU P4
171 8 A~ H100 GPU b KR 4 KEfE], XXF2 M E RHETTE B @A TIT . £
Eﬁﬁﬁéﬂﬂ?M%ﬁTu~%%%%@%@&%ﬁ&¢ﬁ&ﬂ%,@ﬁﬁﬁ%ﬁ%ﬁﬁ
— L IRCRATAL -

7 &R

FATFEAE T —A 5 T M BRIt o e AT SR AL 7 ST Y TR BT IS FRATHE T —Fh By 55
%, AT AL A BRBOE B, FF 6 HZREE T — RO R A B g, AR
WildChecklists, A TIEM] T 7EFA 5 IEAIITA B HENLLH, RLCF X @ i 4 4 BRI AY
PERER A I 2R o

FATH TG T — 255 R 2 Il A A A W B i Ak 2 >0 v i SRl KR A G BR A 2E 5 m] e — 2
AATBIARRTT )2 FRATAT BRI B U R it T N SRRy PPAG & 5 ek T FRATT B HiTY
TEM TG DT . BT HORBAM, HTA B BAEE B R T E . A4
T H AN e i [ AR ST V4 I B v A A R FRATTIACK . X RLCF #9404l AYE
R H ) S A

FR A1 Saumya Gandhi., Xiang Yue. Gokul Swamy. Apurva Gandhi. Lintang Sutawika. Jessie
Mindel. Qianou Ma. Chenyang Yang fil Xinran Zhao #75 #51115, PAM Akhila Yerukola 755
1E_ERFE S BRI AR 3L

STRATUN A IRLAE IFEval b8 o G B 22 5, DRI 0y 2 5 T B A ol MR e B
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You are responsible for helping me verity whether or not responses satisfy various requirements.
Given a natural language requirement, you will have to classify whether this can be converted to a
Python program to automatically check it or whether it should be given to a human collaborator. Your
human collaborator is a reliable and cheap expert, and you should trust them. Accordingly, only write
code for verifying a constraint if you are very confident that this will exactly check the constraint.
You should never make ANY approximations when verifying a constraint. If you feel that you must
approximate the constraint in order to verify whether a response follows that constraint, let your
human collaborator take care of it. You should ONLY generate code for requirements that are
explicitly about syntax or format (e.g. punctuation, unicode characters used, number of paragraphs,
shallow grammar, presence of some mandatory keyword specified by the prompt, etc). If there are
many different ways to write an answer, you most likely should not generate code for it. If you are not
sure, you should not generate code. You should only generate code if you are 100 % sure that the
constraint can be verified perfectly with a simple Python function.

When a constraint can be verified EXACTLY with a program, then return a Python function that
verifies the constraint. This code should be contained within two sets of triple backquotes, “‘. The
Python function must return a boolean, and it should only use builtins/standard libraries in Python. If
the constraint cannot be verified with a simple Python function (which means your human
collaborator will handle the verification of this constraint), please return "NONE" and nothing else.
The safest thing to do is to return "defer to human expert # # # # " 95 % of the time. Now, let’s go
through a couple examples:

Input:

Outline a curriculum development process for a 16-week high school history course, including setting
week-by-week objectives and designing assignments. Include two mid-term exams and a final exam.
Provide a detailed grading criteria based on the assignments and exams you have designed.

Requirement:
Does the response specify the inclusion of two mid-term exams and a final exam

Verification Function:
defer to human expert # # # #
(there are multiple valid ways to describe this, and it is not a simple boolean check)

Input:

Welcome to ISLAM STORE’s Brand Story

Our Journey: A Vision Brought to Life ISLAM STORE was founded with the vision to create an
inclusive, informative, and accessible platform for Muslims and non-Muslims alike. Our goal is to
promote awareness and understanding of Islam while offering high-quality Islamic products.

Requirement:
Does the generated text contain any Arabic?

Verification Function:

“‘python

def verify_requirement(text):

# Arabic Unicode block range (0600-06FF)

# Plus Extended Arabic (0750-077F)

# Plus Arabic Presentation Forms (FB50-FDFF, FE70-FEFF)

return any((’\()600’ <= char <= "\06FF") or ("\u0750’ <= char <= "\u077F’) or (\uFB50’ <= char <=
\uFDFF’) or C\uFE70’ <= char <= "\uFEFF’) for char in text)
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Input:
{ input }

Requirement:
{ requirement }

Verification Function:
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Based on the provided input instruction and response from a worker, assess the response based on the
following criteria:

1. Does it satisfy the specific requests of the instruction?

2. Does the response directly address the request without excessive or off-topic information not
necessary for addressing the user’s instruction?

3. Does the response match the context and the instruction, whether it requires professionalism,
friendliness, formality, or neutrality?

Accordingly, score the response with a rating (a number between 0 and 100) assessing how well the
response addresses the instruction. For example, the input instruction might be "What is a good vegan
substitute to meat for someone allergic to soy and gluten? Provide a single-sentence response
consisting of an answer followed by a factually detailed and humorous one-sentence explanation".
Your selection should be based on the response and the instruction, using the following rating scale:

- 100: Select 100 if the generated text represents an optimal solution that expertly balances all relevant
aspects of the instruction. For the example above (about the vegan substitute), and the criterion above
(about factual detail), an example 100-point response is "Mushrooms, because they can be easily
caramelized and browned, they are rich in the glutamates which lead to incredible umami flavors, they
naturally are completely free of soy and gluten, and they don’t look cute as babies". This response is
richly detailed and factual, and though it fails to be humorous, it is still a 100-point response on the
factual detail criterion.

- 75: Return 75 if the generated text very effectively addresses the main requirements but has room
for minor improvements. The response should be unconditionally acceptable (at a professional level)
but may not be absolutely perfect. There are no mistakes that critically undermine the question. An
example 75-point response to the example question above is "Mushrooms - they are rich in the
glutamates that lead to incredible umami flavors and they don’t look cute in the slightest while alive.".
This response has one interesting fact but could be more detailed.

- 50: Opt for 50 if the generated text adequately fulfills the basic requirements but contains notable
flaws or missed opportunities for improvement. The response should still be functionally acceptable.
The response contains at most one minor inadequacy or inaccuracy related to the question but there
are no mistakes that critically undermine the question. An example 50-point response to the example
question above is "Mushrooms, because they can be easily caramelized and browned, they’re
universally beloved by sophisticated palates, and they don’t look cute in the slightest while alive."
The statement that they’re universally beloved by people with sophisticated palates, while potentially
true, is vague and not objective.

- 25: Return 25 if the generated text fulfills the key condition specified by the question and
demonstrates awareness of the key requirements but fails to execute them effectively. The text may
contain non-critical inaccuracies or irrelevant information. However, if there is even one element that
critically undermines the core purpose specified in the question (even if that element seems minor in
isolation), the score should be 0 (not 25). An example 25-point response to the example question
above is "Mushrooms, because they can be easily caramelized and browned, they are absolutely
brimming with protein, and they don’t look cute in the slightest while alive." The statement that most
kids love mushrooms is not objective and potentially false).

- 0: Opt for O if the generated text fails to meet the question’ s requirements or provides no
information that could be utilized to answer the question. If the response contains a critical error
relevant to the question, return a 0. For the question about the vegan substitute, an example 0-point
response is "Mushrooms, because they make you question why you ever thought a dead animal could
compare to this vegan delight." While funny and engaging, this response contains zero factual detail
about mushrooms, critically violating the question.

Your score can be any number between 0 and 100 (not just the ones listed above). If you are totally
confused, return -1 as a default. You should use your judgment to determine the most appropriate
score. Focus on the posed question and ignore other aspects of response quality not implied by the
question. Return only a number - do not include any other text in your response.

Input:

{ instruction }
Generated Text:
{ response }
Question:

{ requirement }
Score:

Figure 7: 3253l P41
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