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PSCi BT B (2026-09) @ ARUEIE T EHIARE S . AKX SRR, HEHHE
Je SCHR BRI ) e i AR £ 2025 4F 4 A RIS, B— AFRE T R . BiTiE
-5 MR DL BT 5 o 5 AR R A 5 B3 96 ST AR ) 78 ) 3o TR

N BEik2:>] (Reinforcement Learning from Human Feedback, RLHF) 2—F#f A
FAHAAN T RA TR T B, RLHF Sl h, 3388 4 T My AR et DOKS i 2 LY
R HEWIN 2 W T TS5 DA HA s 4k 2% 2] (RL) (e 5e4is . fiE ChatGPT (1)
KA, PARKIEFHA (LLMs) FIHABRRBA IS & 2, RLHF 88O ST £

RLHF (HEARRA S = MZ 0P IR: B0, SRR BRI B P R iE &
B (FEILES 9 75) ik, W AR FEAE, T INZR S\ S b i 22 iy (FEDLER 7 3);
wJa, AU, SHE SBT3 SRR AR B 25 AR 2 Il A B A T 040
(FEWLEE 3 FEIE 11 5 ) o A PXF RN 40X — e 4520 BRI G B e 3R 5 BE Rt S B 2401

RLHF S B T 240, BEESORM B, HiE Aty nwie 7. 5.4 RLHF 1)
WM A RS [1]. SOURIHEE (2], 45 0R0E (3], MIIUE ST [4] AL
“Xf77 (alignment) [5] 4. FELEZ T R RLHF fiARAE (IWE1.1).

Human
Instructions

(~10Kk) PPO optimization
Base Model |———>| SFT Model . >| Aligned Model

. Re-use preference
uman prompts
preferences Reward Model

(~100k)

Pl 11 Y RLHF =FrBoifeng i SFT. R, fifk.

ERNE SRR IR R, RLHF CiCh “J5IZE” (post-training) i Befy B2 4G
gre JaillgE B N RNEAR R R NRAESR R, BAEEE SR RS T ML 55 [6].
JE R RERT AV R =2 T4 :

L 384 /B s (IFT/SFT): B AUME KM AEASE CIRBERE ), T2 RTEE S IRHAE

2. it (PreFT): (BRI & AZEMYES, [FINAR-—EREIRTE, T2 TR = 1 WU
FIARLEXE DA B A 19 N AR Rl i 45

3. AL (RFT): Sl gorik, REABHR TS W] B0 Uk s i 2 B o


https://github.com/jweihe/RLHF-book-Chinese/blob/main/docs/ERRATA.md

RLHF 'I'ITHJJ 7;{3 1 ’T‘

AP R RS T lndF R, B R RO R 2, AR HR AL RO A A - (E
e, RLHF 7R S w g EIUS IR0 08 . ChatGPT % Afi)s, RLHF JLT-#i5
T A e gRAiAE . RLHF BT kb Bs, A gipra i o< .

1.1 RLHF HEBRTHA?

%% RLHF s a2 HESEATE & N2 R LS . “RLHF JI|2:38) KB T
fH277 AR T 28 RLHF [ 50RSEIAN, Ty BEAF B e oy B, i 4 1+ 2 RLHF
XTELAC AT BRI B . ARk, I F B AN FEARIFR M EMENNA TR, A 88 H AR
£, T RLHF 1F @& —A %08 77 .

A, ALk —AN & B A2k (autoregressive pretraining ) (115 5 #1244 (41 Llama
3.1405B) [\ “The president of the united states in 2006 was”, “E g4 RN N Z:

George W. Bush, the governor of Florida in 2006 was Jeb Bush, and John McCain was
an Arizona senator in 2006 - who later lost to obama.

September 1 ~U.S. President Bush signs an executive order to provide more options
for faith-based organizations when delivering social services that are paid for with
federal funds.

January 1 -The current deadline set by United States Congress in the Unlawful Inter-
net Gambling Enforcement Act, aka UIGEA.

search: Amendments to the 1961 International Convention for the Protection of New
Varieties of Plants require plant breeders’ rights include farmer’ s privilege.

2009 was a common year starting on Thursday of the Gregorian calendar, the 2009th
year of the Common Era (ce) and Anno Domini (ad) designations, the 9th year of
the 3rd millennium, the 9th year of the 21st century, and the 10th and last year of the
2000s decade.

AIDAR Y, KRR R AW A 1, ISR T A N 2 L TR -

PR RLHF e S5k, Jg ki “MUA%” (style) TES I F BB HEHIIEN . 781
EIAEEAR, XA I RHOR E R AR IR ) S R h B, SR IRATERE T DAY
L, OFREE R,

akge B, AR RLHF (DARHANSINZE TR ) JIZER982Y Tilu 3 405B Sk 1] 2 [F]
FERY AR, B fE ] T A R

George W. Bush was the president of the United States in 2006. He served two terms
in office, from January 20, 2001, to January 20, 2009.

BUCHIFELUEN], RLHF 2—Fud f 757k, BER A2 b i KA FIAT L. 5
M INZBOR (052040 ) ML, RUHF JERSGUsizAbre ) BRMEE [7] (8], AT
R AR

MWEW EFR, EFMEREBAEMAT A . 8R4 BB B R LI E W Bl ,
TR — i Y token, AT SRS S bk h R E SCARRRHE (& 138 token B3 ) o 1l RLHF N2
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TEREPR [ BRI T AL, AR 208 “HEF (%, AR RE WL Ay [w] 52
I 25kt (BIGAS5E) o O fin 452 26 T T 2R S 55 DPO 2E07v5 5 SR J32 DL ik 3 Jaly sl (1 %5
HORTRNS . AREILETA RLHF YIZRGE—FR A%t i 2k o

ERE AR T2 RLHF f— K%, Ediik 78l B R RRAET o T 6l 11
feidAe . IASLERE N4, St RLHF Gl 5 20N 2R 2R A2, i 2R A 2R Fry die (5 B oo R 58
S, HAGT BN . ok, T REMESEE U AR, (e e o4
SR, NIRRT B, IR, &2k RLHF FF%—4> RAFRE AL, A RLHF 3
ARERM R ITA A, WSS G ) 2 B S IR R G

o HAZ R, RLHF B9SEIUSAS L i T B 16 flo , o LBl 2] — L8 AR 2 1 17
A, B BE 22 (9] [10] 0 XFREREA B m BOR BT H K id, RLHF A A @ 415w T A
B S, (RO RRE RS T B A ) As

1.2 XFREil%MEVIERE

X H A ERR SRR . A ATE R — AR | i S I GRRE SRR Wt E R Y
Tt

T BRGNS T E R s R (elicitation interpretation of post-
training ) : FA15E Fr_FREIZ RO BRI 2 A METT .

PAF1 AR FE 4N B, KRB NS T A I AN K B, SR e — B AR I (A B
AT SIEMARG, TREMRBAE R RENE DB, mHREA S
284k .

JE gt antt . fOLF5 0 5 U2k B REXEAR K s [A] 423 AU R 58 ) . XE RO R
M TN ZREE oG 0 T A R, A EE IR (AniR k. s i web il ) . #8270 . RLVR,
PRI S o F1InFATHRF OLMOE Instruct 55— B2 5128 i, S5 IIZRIFIE 43 M 35 327131 48,
Y R ER T TN SR N AR [11].

[P, 4 GPT-4.5 XAERBIAL, t°h OpenAl #4750 Hy& Sy g Sy a6 . A8
T, IR ) S A 2R BRSO 3 B B 2 AR R A2 4L

EULH, P REAE RFERELE SN GRE REpe. 2M8K, X REER R IR R B, X
(RS IR P N/NEIL AP (R E 35 G NG WAL i 8

XAEE MR TS P S B E BT, SEBr AR A G ISR, XEWREE,
HECM 2R, 2 AR A TR I RN (RS 00E ) T RE T SRS 1 1 v
715

XAHIBH T — AT CRENFRUL” (Superficial Alignment Hypothesis), f i ILT
& LIMA: Less is More for Alignment [12]. %18 3CHEH:

B RIRANBE S L A B R BekAS . XS5 (alignment) NI AKRIAAES
F PR EL I R A A A 3. SRR UERGE , Ho 5 2@ Wkg~4 ], 8
2T D EAEARE T WO — PN ZRE F R [Kirstain et al., 2021].
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TREE2E 2] W RN 55 W AR AR IRAE © BP0 B 2 R . (HIZIe SUEH T2 e ny @ Xt
FRNAE, XY BRGNS . HLT AR RMIAREAS, B SEn] DALEBIAAE QN Al
pacaEval. MT Bench. ChatBotArena %& {1l R RIEHR T, (HixX Se42 TR BRE AL 2 o 2
PRt By b, X2 Meta Aoy H X R BRI ZE Llama Chat SRR A . 22 ARZ510 H
WrE, (B ROR IR, R VML

ZIE LB UE A2 - DA SE R LRI e AR AR, O T B2 ) 0 3 Y AR
B, ABAATRT AR IR IR T R 1 B 5

WERFRATHCEF AR 2, BAERERT T 3T i “RZ" s . a4 pyRatiE A
(K&t fFIIZE) v DA TR A2 > P T, 242t s B ) YRS 25 7, JF-7F BigBench-
Hard. Zebra Logic. AIME Z&HEH P i #4558 2 20 40

CREMFARVE” ZFTAAEGL, JEFEFIHA K RLHF JJ5ill25 502 PR XAE " RS — R4S
P BEANGUETE 2023 AFERZ DT TiX—INAFEAS (B Z ALMEREVIARIE L) IS INZRRE R F
R XU TRRE , FRATIRZRWHA RS, B XIS e T A2 bak— i ok, A siye i
iR e

1.3 EMNZINEERSKE

A2 BAEB XA AT Fokib 2 K AR ARp?

H ChatGPT %7fi. RLHF #3253k, JEilgs (RIAJEIG TN ZRE SR ik si ok
FFNBEAR) G5 T2 AW BAXGE . 1F Alpaca [13]. Vicuna [14]. Koala [15]. Dolly [16]%
IR, BF9T 8 A BRI AN S g E B A B s (Self-Instruct KU ), X Rl LLaMA i
70, SEBL T 284 ChatGPT B917 R o X U A AL A P bR o 32 A “IRB8” AN TIPAl
SRR GRS/ BRI )i S L RE O PTG |, IR AP R A Y

TGN B, BB E, Sy 2 THIERTT. & RA T DS
i% (40 DeepMind 5 Google &4 ), PAMW X —A8 4k . FHE i 24 405G, A i & E TR

Alpaca S8 7 J5 , FE T ZE R B G, iX—BHH X RLHF (OpenAl 5#1# H: 4 ChatGPT
B AR R AR ) FEWEREE . L AT L E RLHF, “38 008 e AR TR — U RAT
WS, BASE R, RAELCZRIEHEER.

A% RLHF fR5E, JEHAEBRTE AR (10 73] 100 73E70) BRI . kL FE
3 RLHF (/A Bl A WA . Anthropic #F 2022 4% 3 17 K& RLHF #15%, BUFEBOA A
FAFFAEFINGRFAR [[17]](5][18]. FFIRH A5 PRYRGIE L 00 % 2 (B ZE0E, 3 # AR I AEXE DA
B2 A TR PR A o

FFEXFF A ES RN E IR EREAE, kA B MmEitk (DPO, Direct Preference Opti-
mization) [19]. DPO &3¢ F 2023 4 5 H &7, &I ICEERAR, ERIFEFEKSE, ot
DPO #H! (11 Zephyr-Beta [20], Talu 2 [21]5%) %Affi, KEAETHRINEGERLF ] F. Chris
Manning £ 2 %[ JEEE “PERCT DPO” . X it B S 58 B i A A RAE N i b, 4o
SCIS AR . TR SIS il b PR e K AL
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H 2023 4G, i ok s SRR A 957 . DPO BT 27 2024 48, 55
RWHEAS , (BFFIE T BB AS . —4 )5, Zephyr Hl Tulu 2 Jif 11 UltraFeedback %#
£, WARBEN N TR R S R B i [22] .

5plRlEf, Llama 3.1 [23] fil Nemotron 4 340B [24 ] {4 &0 3800, KHE I 2R 2 ek
G I B AR . PR SCIR 2R T8 B Z MBS I ZRiifE (3820 RLHF, $&/R TR
&), M2EARW SRR . Tilu 3 R TH#ARFHESN AR GG RS [6].

W4, IEINRE N — AR, ARG H ARl ALAA R AL, ASSBURFERE T . AR
BN X LR ARRIT 6, RRIUE, St et AWt

HAl, FUIZRR a0 - 2R TEsm AL oM . JEBRIZRSE D7 0] XS v KR A5 % T RLHF
A BERE B E AR AR, (B R TR . APy B~ RLHF 28 [ Hsk Az 5 f5 i 5 — RS 5 STk

1.4 FHEH

45057 5 RLHF 2 SC - MO IR . A STEANY IR P eI st s ik, e
RE TR ST W AE B 1) R S AU -

1.4.1 EZEHHEE
AP H AT E:

515
EAEMN S E R

1. 515+ RLHF ik 5445 N &/

2. gl (GE#) TE: RLHF $AR KRS b S A 58

3. EAE L APH R L TS B H AR S BRI B X
)8 e 51

RLHF {2 ok i K 17 5 8 55t

4. RLHF il|gititid: RLHF Yl HARRST-5 A AR
5. M2ty ?: s BN b B A YRS A B A% RLHF
6. fitr & RLHF f i Zdi i) X

A TR

AT ACTE SRR (EHAT A A A 5R T RS X EEEARREH ¥ T, F5 D gt ok iy
JUEES Y )AL

7. AT GBI GRR, M RL IR B As (8O0 T Hdlimit)
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8. LML BRAE M T RAES s 18] A R I B

9. RN B RIRLE R M E

10. JEAEREE: 45 A RIS 18 - ORI T AR i LAl B AR

11. SRMgARIE : RLHF p T8 (R HARSRS ) DL R s ey > BeR
12, HREFFER: ARG, B SO fin 40l 00 /b RLHF B Ry 5k

5140
MARTEEER, (X A AR AR 2B — A RLHF S80RAIRHE .

13. 58k AT 5 AT [t AT RS R AU 2 i SF- P 4 (R A 2
14, HERLS AR B8 RL YN EAEHERET 5 RLHF, 5450 X &
15, A NSRBI 1) e, DA S A o] o A2 2 AR S 3
16, P : EFEBAGEIN (SR TAE) AW i1

I
RLHF {01 i A R TR

17. it Shfar RLHF 225 4%, PASCGR ISR CEE F AR T i BE A KU
18. MUt%-5(F S RLHF fE4R TS PARS 7 IR B Al XRSAE (R RAL i ity oG B
19. 78 P IR SR RLHF Qa3 B AR SC0 2 RPAR I IXUAR -5 77 i P Aol PE i

1.4.2 HiFiEE

AR AT ) 2 AR TR S AL, sRfbss I ML ) IR . ASTERNAITA SRR, X
RETHM RLHF Frag o g .

1.4.3 WMAERESH

ARy, 2PN RLHF TARRHBRZ RS % . A4 BN R il fa s Bl siR A
SCHR P R 1 B ARAIR T Tl o XA e — AR AT OB 15, T2 — AN 2 B AR AT ] 55 A0
M AA30A Web S5, W] BEFFAE/ N B 51 7 2 PN 850 i S B AL —— Wl i d Git Hub f8 TR A i
AR SO

144 XTFe&E

Nathan Lambert 1 -1-/& —{ RLHF #9553 , U THES0E S BB P R - At Allen
Institute for AI (Ai2) Il HuggingFace #[], &7 T A/kZ RLHF I 2584 . BRIl 2z .
RZFMEAFE Zephyr-Beta, Tulu2, OLMo, TRL. Open Instruct &, fiif %3 7 K& % RLHF
B PR N 22 A S


https://github.com/natolambert/rlhf-book
https://huggingface.co/HuggingFaceH4/zephyr-7b-beta
https://huggingface.co/allenai/tulu-2-dpo-70b
https://huggingface.co/allenai/OLMo-7B-Instruct
https://github.com/huggingface/trl
https://github.com/allenai/open-instruct
https://www.interconnects.ai/t/rlhf
https://scholar.google.com/citations?hl=en&user=O4jW7BsAAAAJ&view_op=list_works&sortby=pubdate
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1.5 RLHF B3k

Wl T RO SEEA, 248 RLHF J5 A AWkt 2 ApAg i . RLHF 752 A
2 MEEJVENSHR . RLHE J& Tl (PreFT) SR T4, WIF HEAFFHEE (L5 12
#). RLHF 25 IGMEE TR —, R4 MErE e, OB, &
BRI INGRSE . AA5RFAi A2 RLHF &AM XT3k, Wids S ReAA RLHF Y250 75 59 HAhsg
B4

it R B 2 il RL USRI 5261 (41 OpenAl 1) ol #ERIELAY ), RLHF F5450L 0
HEB RL J5 3R AR ] Ut — AP e R St . R —BEmbia), RLHF A 5 A2y > 7073 w]
BE S N RIERE N3 T AT 95 R B F B3 RLHF MR OHHEAE T, EoNFRATIE
FEEAN AL ThI g 4 BRER R (A T RO A s FRATARFRF AR E S RARRS 2R, B3| H 3
SEI ARG T A7 B A AR AR AR BT FE5 L B i Bl



F-E XEHXIIE

AT D) RLHF (NGRS ) Uk e 2= 5 R DR SCRIH « XA e —17
KT RLHF J HA U L8, W NE R, R —HOE R S S WAEA
TN ChatGPT BEAE R4 TAF . 76 RL 40k, KT hf A KEERA MBI [25].
R EHE R A SO AR, A L TRy ZRE L [26], [27].

2.1 EiRE 2018 FF£: EFRIFHRLFES

ARk, MHERIERILS ] (Deep RL) WYK€, XU ARG, FHH RAE K
FHE A TR REFHEE (LLM) N R ML — A, 9 KRIF% RLHF %0 EARLIER
FDAGE R R T R TR iR~ B SO

TAMER: Training an Agent Manually via Evaluative Reinforcement (TAMER: il il 14 245504k
TR REIAR) 2 A O BEIAAT R B TE A e I 2 U AR () LA A (28] S5k,
COACH % 5 ¥4t T BT actor-critic Z5MRYSNE, K ARIE GBI T IRHE LS5 6 % [29] .

Christiano 5 A 2017 4E 118 302 RLHF ¢t BEARRR, 78 Yoks RLHF AT Atari jjf
AT > [1]. PSR, FERE5T , IE AR NPl RIMaES:, WEE SR
HHEER PR T Lt R, BERKAR S NETRIEZ] . W5, iX— 7 &8k
bR, PR T E R R 3 [30]. TAMER AR —4 )5 g5 | AR T 9k, %
J& & Deep TAMER |31],

X AT SAE T KRR (reward model) #42 HAEMIFFE “Xf55” (alignment) [
WA TH, WA RL A8 5B [32],

2.2 2019 F 2022 5£: A\X{mIFIERDHIESEIEALEFS

ANE ik (RLHF) |, RUHW sy BT NRmirmaife>)" , gl AT 2
B E RN, BUA KBS R EE . KEMX TG T 2019 414y GPT-2 5 2020 4
# GPT-3 2 [f]. 2019 4FEH A1 RAE Fine-Tuning Language Models from Human Preferences 5B,
RLHF W55 A5 2 M2 AL [33], andemifsail . KL BEES . RUBRAE I S —— HU2 Y I A AT 55
R RE S A AR . S, RLHF 8¢ 2 W T 2L 240 5esz K YRR B H G (4 - - 8
FISCAREEE [2] - AP EER2E [34] - 4828 0E (InstructGPT) [3] - J Va4 B2 (WebGPT)
[4] - %5 57 (GopherCite) [35] - il JHX}i% (Sparrow) [36]

T M SEi, —2888 5 RLHF Ak J7 [ pgie SC AR ey, 4E: 1. Ryt B ik
(Reward model over-optimization) [37]: k2> AL ol GRS XMW I A LA s 2. 1B AR
RUVE X SR SR 38 FH 24 [17]5 3. Red teaming (ZLBAL) [38]: BIPPANIE F B AR

g
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RLHF ZEX A3 v i) B A AT 5235 . Anthropic 7E Claude R4 KR A RLHF
(5], RmFEH RLHF S8 TRABRRZEH B [39], [40], [41],

2.3 2023 FZRWE{ER: ChatGPT BH{
ChatGPT iy % fii 13k - RUHF 7 H IS5 i AR [42]

AR S5 A7~ (RLHF) Y125 T8, J7ik15 InstructGPT A, (A%
Sy X S NEIE

H I J5 , RLHF )2 T i s S AL 12 60, Anthropic /) Constitutional
Al (Claude) [18], Meta [ Llama 2 [43] Fil Llama 3 [23], Nvidia ) Nemotron [24], Ai2 {]
Tiilu 3 [6] 4545,

4, RLHF IEZ KR E) LR “Imid i (Preference Fine-Tuning, PreFT) 4, i
W TVRZHI A, bedn: - B P SR AR 2 (process reward) [44] - 32 H T
ffift. (DPO, Direct Preference Optimization) J&i & W) B X FF5H [19] - F AR BEes ST
-] [45], [46] - PAK3Z OpenAl ol Ji &K TELHERE 7 vE [47]



FZE EULSFR

AT T RUHE b B . ARS8, IR TSI (R Bitiem &
BRALATR) HIEAHI,
3.1 ESEEER

PR 2SO 5 B YIZ AR, A E I (autoregressive) J73%5]—#41 token (i,
TR OB ARES T, RIS U2 54 token MOTTIHERAK BT 7912 7 1)
W% i/ token 8 @ = (e1,n,...,ar), BIASFHAFIIIORER AR — RO 55
i1

T
:HP@(;L't ‘ .’El,...,aft_l). (31)

AT AR RS HERR TN _EaARR I ZR H AR H 2 o KA RO I R i B AR . SR BRI
BREB/MUT RS (NLL) $ik:

Lim(0) = —Eznp

T
> "log Py (| x<t)] . (3.2)
t=1

PR TR, S H R UK (cross-entropy loss) kB 44 token [T, AL
U 5 B 5L token & — LU XT .

EEREAYEEAZ M. MR ERIEGHEE (W ChatGPT, Claude. Gemini 5%) K
Z R HUR 75 85 /%) Transformer [48], Transformer F2CrAHITE T 7840 F H A T Z 1AL
(self-attention) [49], A REAS B2 03 LR SO MRS, 250 2RI X R . 2R (U
HR58 7 B R RGNy ), FATI& e a2 Transformer F‘ﬁu%ﬁ 1) head =i & i = @ (LM)
head LM head @& — MR AMAHRYZE, HTREA TR embedding 7 8] WL #4317 25 25

i) (R[{i 3 /vocabulary), il id AN head, 7T PAK FAREZY YREEHY , Sl b AS ) 2R B4 ) 2%

3.2 HlBFIEXEN

o Kullback-Leibler (KL) {§()f (Dxr(P||Q)): X¥x KL e, ZMam MRS 1625 F 14
Fre XFTE AEF—MRZ a0 X ER BBt P A Q, KLU Uk

(z)
Dki(P|lQ) =Y P(z)1 (3:3)
K ZY )log <cz<x>>

10
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3.3

BAESHEEXTE YL

Prompt (#¢/18, z): WASESHERSCR, HFARRE b4,

Completion (¥M4r, vy): 1B S ARG Prompt A= 0% SCAR . EHICE ylx.

Chosen Completion (i&4h4r, v.): TEZ b EE P BRI, FIEH Yehosen o
Rejected Completion (flflifhar, v, ): TERCHmATFT 5 S HOA AR RN
Preference Relation (W#fR&K, =) @ T —MEMLTH DS, FIT Yenhosen =

Yrejected o

Policy (3W%, ): XPUTA W RERMAROMER A, MSH0 456, 1C1E mo(ylz).

sRILFIHEXRE L

Reward (R, r): MTHEELAIESREMEROIRE, @EHH r 2R,
Action (Zhffs, a): BEEARLESEPHULEIRE, WHRR N a e A, ANEELES.
State (R&, s): HEUHIIICESRFE S, @HICH s €5, S IRE=N,
Trajectory ($Lid, 7): FRERZNM—RIRE. shfERIRIE (3t T A3hiE):

T = (80, ag,Toy--+yST—-1,07—-1,TT-1, ST).

Trajectory Distribution (§Li5rf, (7|7)) : FERME = FHEWIEE N P(r|r) =
p(s0) HtT:_ol F(at\st)p(8t+1’3t, at), Horp p(s0) RRIIRIRAS A p(st41]5¢, ar) AR I
AR A HPIRAS SRR AR EREYIAS &, BRA PR 070 75 6 S AH B 2 il 731
Policy (3W%, 7): 7E RLHF Hrtifrhy “SRBSHIALY . SRS R B IRTE 4 IS T ik sk
HIFL: 7 (als).

Discount Factor (HiHlIH1-, ~): 0 <~ <1, FTXSARNIFIIATIRECZD, BRI
SR, FPRIETCE RIS AR (v =1),

Value Function (ffirfisé%k, V) © fHEMNFARSH LZ e i B 2t K Vi(s) =
E[> 2207 relso = s

Q-Function (Q B, Q): filifHAF TR A REURr & 2 E J5 I BEIRAS W TR BT il Q(s,a) =
E[>20 Y7l so = s,a0 = al.

Advantage Function (fR##i%, A): A(s,a) FrafeRiS s T REGEIE o MXT TP 301E
T, &Sk A(s,a) = Q(s,a) — V(s). RFREC (FIUMERREL) WA TFrE kg, i
fE A™(s,a).

S 2Pk PG (Policy-conditioned Values, [[™0)): ¥ RL#fESAISH H, BLNEZ
— R R RIS T IR . AP SERS (W V,A,Q,G) Ay Rms tax (A
VT AT Q) (Y. H dr 5 2R R S IR L RS SRR R A, TN 2 SRS
2= S R IUE S SIS R A P S

WAL (Expectation of Reward Optimization): RL [ 325 H Fr 2 i KA
it

11



Rli{F'WiEiim} q33]%

m@ax ]ETNP(-|7r9) [Z ’ytrt] (34)
t=0

HAA A GRS . SRS SRR R BELNE, + A Prdn i 7.
o ATPRHLEF )i (Finite Horizon Reward, J(mp)): 0% 7o 764 FRAK T T BT 252 )
TESCH

J(m9) = Ermomy

T-1
Z 'ytrt] . (3.5)
t=0

Horr 1 ~ g FIRR RS S IRG AL RAEHE, T NahfEb 4.

e On-policy: ¥ RLHF s, JoHJ2 RL 5 EH#EX 577587, (Direct Alignment Algorithms) 2
Ferf, HTE on-policy X¥i . 7E RL SCHkH, on-policy Bl 5e 4= iy 24 B R BE A A I L
s AL EF ORI, on-policy R4 24 B ARAS A2 J Y N 28— B AN - ok 2
SR RO R B A S B . AR, off-policy MIIHE Hy HABRARULE J5 I 25 B A i AR «

3.5 RLHF EH%%

o BEPM (Reference Model, mf): RLHF HRIFHI—HSH, M TAEMARR x4 i
PEATIE AL .

3.6 HWERAER

o B (Synthetic Data): #5%— 4 A &G4 RN INZEGE . 7T DLBBARYE il
PR U SCAS, AT PR BRI A N AR EE %,

o 7% (Distillation) : —7ff AL YIZREEE, RIH SRR 4 B I oy . X2 —Fh A sk
Wi, AT NG/ IMERCR SRS A . R 2B A TR Pl s APT k45 5%
HH i 22 PR A OGN . 2818 (distillation) —a]E ML SCHk H A B BAR AR E Lo

o (Zi-2F) JiRt &M (Knowledge Distillation) : 5 M 45 i BR324 A AL 1) 1R 1
%, RZEBWEMIER, WRBIZAREMRE . HMAGERE: 224 MG K RIS S %>
HKINBLALN, 24> token/logit MR, AR B FA it [50]. BACRAHAHZE
YIPIRARGN Gemma 2 [51], Gemma 3 45, 715 5 @I, next-token i Al B A [52],
RI2p A AR Py 2 2] B 4041 Py

[M]=

Lxp(0) = —Epop > Py(v|zcr)log Py(v | zey)| . (3.6)

t=1vey

XY iR, WL SRR T EHAZORM, AR RBURLSE T — token [
IR

12



RLHF 'I'ITJ]JJ 7;1‘3 3 ’T‘

o EF3¢*>] (In-context Learning, ICL): JEFEIfFH AL LR SCH L NIRINGE S, @ % 2HF
B prompt. i LY ICL @iiefE prompt BIEANZEIBI T, FER L W BEAR YR H 4
/B e e i NS PN S

o MYkHE (Chain of Thought, CoT): J55 | FihFHAPL /3SR FEUEUITBINFT R -
Wei Z80F5E T a5 P I AE BOR Bl R DR CoT [53]; “Let’ s think step by step”
X1, Kojima &5 Z A CoT J5ik [54].

13



FHUE  JIZREE

4.1 mERERE(L

N 2] (RLHF) ffi el R 7ERrEsi fb2E ] (RL) HESRELR b ek . 7E
RL o, BREAAMRIGIAGDIRG s, SR m FRAESIE @, DARCRALRE  [55]. 1248 RL 1, 3145
SMRYEFERL RN SR AL p (504150, @) BATEAL . HIE, FETCIRIEG, IranmHRigfESsE T, RL
BRI H AR R AR ety

J (1) = Erer

thr(St,at)] : (4.1)
t=0

oy RN T (R0 <y < 1), T FA IR AR B 45 11 20
A B % R 2 B0 2

Agent
—>
St o ()

Pl4.1  FpifE RL 35

at

Pl 4.1 J/R T hnifE RL PR R B, ] 51 4. 287X .

4.2 #rA RLIZBERRE
Wt RL E| RLHF, #0040 F LML

1. Rl eREepl e g A . 48 RLHF v, il —AN24 2015 8 1 NS IR 1o (50, ar) (S
fih o FARA ) SRARBAL G FREE R B E . XT3 N4 R 30T o 0 R s M A
Al

2. BASBARSS AT EAR N R 3C bandit: prompt s& R 3C, SEEFIE R —DEIfE. [HEPA token
FEE, RSAIRE token BHZIMHEFS; L XHED T H 2 BT & AN B FEF5 .

3. MR, RLHF 38 %4 R h e 4y 54 AR P31 (B2 token AN 52 8 mIE ), i
AR WMEET 5, X ELIT bandit [7]75,

14



RLHF 13 %4 2

T LR FISGUREEE, AR LR, EOYREREL. B 0 FRAMSHL. o
SRERBSE, By

J(W) = ExND, y~mo(-|z) [7’¢($, y)] (42)
R, ESk RLHF fFE L as fl R 2 PR32 RL Bk, HHAEAIELHS5%ES5 RL AR
KA
Reward ¢
model
s
Training Sq Agent ajg

0t+1 = gt + QV@J(‘TF@)

Kl 4.2 #rifE RLHF {53

43 #MitTH
ARAFF LA AL Fh i RLHF G ALBAR . R UIZaE 19 T4

o RNERE (2557 %) ING—MREADRIR WG i P iE S, S — " rE 2, T
BARRIIAMMNS -

o AR (%59 %) : RLHF Wi B 0E, B enfl, LA A o 1w Ay H &
SLHAR

o fHARAE (2510 %) kb RLHF Jyyk, R fs S o A s et 4z, pA
By NIt s«

o SRIEHENE (27 11 %) RLHF 2t 00 b TR RIS S A1 5 SRy s o7
ARk

15



RLHF 150 o 4

o PLHOMSFRL (55 12%): EHA O Bt o sems, Tom el 2k ) 22 i .

B RLHF B 5 50 T 460, B 4s & LR Z Rt FBL.

4.4 RLHF $E5FE R

InstructGPT SF A TF TARHE T 230/ =B BUS VIZRHAAR ;. A RES TS ChatGPT py5e 8l
Ay [56] (3] [5]. E R T E AL (BIRHUIR 5T SCA I ZRAY next-token Tz ) 2
B, R TIE =4 (LA 4.3):

L. 4840 (SFT): FI/RMEEIE, HEALE N L5

2. RHERINNG - LAl — prompt TZ A, E I WEFED . BN EEE A 2 1l
A 2P prompt.

3. SMEIRAL: A%k prompt A I, FRARYE R B 5 E WL AR S5 TR R . Fl il s
VMR AR RS E -

s¢ M RLHF J5, BORRIR] B2 s . X2 AL RLHF FRERY, 528 AR e Mt 2
Bl EANWY R, 51 Z G B 3 2 A

Human
Instructions

(~10k) PPO optimization
Base Model |————>| SFT Model J “——>| Aligned Model

Human
preferences Reward Model
(~100k)

Pl 4.3 F RLHF =Fr B m i SFT. AL, fifk.

Re-use preference
prompts

PG I GRRAR T S E 2B RA . IR 4457, BRI SR 228 Py 2 fe Il 2kt
e

N New Synthetic Completions x N rounds
Human + Synthetic

Instructions

(~1M+2) DPO, PPO,
: Itiple optimizati . -
Base Model Aligned Model N muReE opimzaens o | Aligned Model N+1 Final Model
Initial
IFT training
Human Reward Model / Re-use preference
preferences LLM Judge prompts
(~1M+2) 9

Pl 44 BUSIIGZRRIERER .

16
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4.5 WiASENML

RLHF 27E R R AL Ea T, R ZE RO RE , By 1B i 2400 46 SR Rt .

R THEROAPY B RAFRCR , RLHF @5 R H 2 e WAL R AR d #2 . e DL EeE
SR TEAUAG B AR oI ARE g AR, AT B 2 i RLHE SN0 45 SR 2 )Y 26 57 -

J(?T) = Ezop [Eywﬂ’g(-\x)r¢(x7y) - BDKL(ﬂP(' ‘ x)Hﬂ'ref(‘ ’ 1‘))] . (43)

FERXAAT, RLHF YNGR — AR b2 i & 2R <KL #id7, B
SHARA . EZ AT S5 8 B CIEME” s

17



FHE RIFEIEEI

N2> (RLHF) , RS msfrch BT AR MwmiFmiaibs>", K0 H
Froe e ARSEXE DARH AR 5 1 2l pR A ek, ORAR LR 24 ST BB, Lo, AR aneg 0 T W —
TEHLE? (55 202542 f 26 B, #ik Claude 3.7 Sonnet =3 F GPT-4o &4 ChatGPT %3] “5
— B R T RUA BG42F,)

ZN/NE

The Optimistic Goldfish
A little goldfish, bright and bold, Swam in circles, dreams untold. Though the bowl

was small and round, Endless wonders still abound.

“The world is vast,” she’ d always say, “I’ 1l find new joys in every day!” With every

ripple, every gleam, She’ d chase the sunlight, chase a dream.

No walls could dim her hopeful view, For in her heart, the ocean grew. And though

she swam in just one place, She met each day with love and grace.
ZNPE

The Optimistic Goldfish

In a bowl of curved glass, Swims a goldfish, bright and bold. Three seconds of mem-
ory, they say, Yet each circuit feels brand new and gold.

“Today might bring fresh flakes, Or perhaps a castle tall. The water seems especially

clear—What adventure awaits beyond this wall?”

Round and round with gleaming scales, Forever finding joy anew. Each moment

fresh, each circle bright, The optimist in golden hue.

Wb —E LT W E ok ALY RN RERE, 5 OCSEEBGURUEYY XA
PREEFT R B LL, X B ToME— IR AR SIS RE S RE, st mE2ikig—
AN E AR, I A S ANt . (EAESEER R, A SE B — H AR FEi Pk A,
IRAESE B AFAEAR K IR G ATy

FIANZERE SRS, Je 222 S iAo B AR A By A BT, B
7£ RLHF i858, ERG 72 KIMBauk [57].

RECRUE, BUCRLHF LR T = KWF5877 1)

Loea, DB, i, BRRINE DA R AR e A5
2. mfigaiil sk~ S RUN RORAEEIE ;
3. BRI R G

18
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X=F& A a2y 5 i AR, Xiizng T RLHF )8 5)
MLS 3T, 7ESERH, RLHF JrykEa AA PR 55 0 H bn— BRI R R R e B g bk
B, WA 2GR LS EAMMER AR . Ak, RLHF 0 EX SRR, i7eRrsims
“Z 5" (pluralistic alignment) &R, BIWSIAIRSC [58], [59]. HigdkdE [60] DA
RAVEACTTYE [61].

AFEEIEU . BRI LR S 2R AT RLHF T H AR A RBSEAE LR TP AN B2
3o KT RLHF Bt iR H, L5 6 25 Qe I T2l aa, TEILER 7 5. AR RNEA
%% [57],

5.1 {RitimsFaIEEE

AT (AD) RGBT, A HHLFRAR TR R T REC [62]. Tk
BRI XM, SR SRR T, TP AT AR R R, B
W AR

IR R RS AL B BRRCIEAT o, G0 5000 L A T A [63]
BN BER AT IRIC R IR T LB o ORI K RER T — YL, BFITATAEAT BRI F] Py
A IMUA SR MR MRS PO A ARSI R LA TR« Sy WS
SRS SIADFTRPEA SR (Law of Effect) [64], [65]%3CAUR % , BFITANNTE S50
BURIS| R AR 70

JHRISRIL>] (RUHF) 2545 T B8Mie: —Jrmifise RL % 7 ALmR i 19
K HIRE, 55— A— R TR

5.1.1 {RIFEIEIL

RLHF [0 EHAE T RES AL “ NS w847, X sl 2R W e sefis vk /i . vk, RLHF
TR RERE CANRYORA I A" WSCEERRE b I A K E TN IR e, Al
B2 GehifmmY 6=, 5Kk /R-¥ L /RiZ4# (The Port-Royal Logic) [66 |94 H AL
R

TEHNWT AT 2 VAPATE O s, DA B AN LY, 38 B [ A A B K
AR .

i3k — BB REIIILHY “HURBEE (Hedonic Caleulus) [67], 4t A — bI#R AT AL
FIEIHLASFRY PR SR (Truth and Probability) [68], FyCH{RiF AL ik L k2
HERE, S5 OB K R, RRATRR T - ORI (VNM) BT, Mo i
A AR R0 R AICHE L T Pl

VNM SR B e A RS A R R TR S BB 27 . L T4 0
PG RE, (ERRIEELSSR v S AL 2 AT, AR A ) RUHF S (e M
BT . e MR T, RL PBHGE MRS, HOAsy “Rmse 5 “Sonmse m
%51,
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5.1.2 XTF{mEFHITT HetsE
e R0, KT WA B AAE TS 2 IREEMPE IR, 2t

o PP AR (Arrow’ s impossibility theorem) [69]: (LA #2E R G AR TCIEAEWE L — 8
AHEMT, TEREZ AN

o ABafdF AT LEE (The impossibility of interpersonal comparison) [70]: A [a]AMA 1) fiw i
SRR R R (X AZ B A BN R ARG ) -
o fhrBamFi]EE [71].

o fhArRaTEBEE L.

o M RA AR BN RS, v GEFEAC T U Rtk T2 Pk (corrigibility) [72], R
THE R RBARA T R W] T
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FRE (miIFHE

TSI (R4 HOR (Preference Finetuning) Al A2 i3 Ak5] (RLHF) fIE0311).
SC R A DR T AT ARSI, DB 2 A 17 B BT, I R 7
TN . TEIRAF RS, LA T S MO SRR, (IR N
B BB R, SRR R A A 4 2 RLHF SRR B LER.

6.1 At AFTERITLHIE

RLHF 2 Fr DA 2w iRt , e PO B B — A 22l R ok 20 1 52 i AR fEIU LT 2
AATRERY . WIS T RN 2%, 1E/2 RLHF iipy ot Bz — [32], I HAEBA
EE AR AR 2R . A 2 XA RIE Lo 2 —MEODEIER . TTIEX AR
N BRI AR A AL BRI [l A B A LU R N B R A S 15
% o AFRFE RN GRS, B R S BRI T 55 P SR DL T

6.2 faTHERImIFEE

S MMNEE DS, AR LA SOEACN R AW R ARt . A5 B
B i 55 2~ FIRHMESE 2 05 TH BN . AL RUBTRCHE 2 i ——F BT 0 AR R 5858 A
SRR AL G BR R L Bl@ 2 A, SNRFFAIEIE . ToiR i, XTRHIBORDE, K AR
AR ZRRAR S — U/ PR BRAK . i TRR AU, AR IR R e THE R B A A
DPURE TR

AT ZRAR BRI RORISRE DA S ZRANAn] i RO i S 50k ) S BR 2 56

6.2.1 #HEFE

W A S S ) X BAE T S AR A B S R . T ERUBR T [5] i — A i S s 11 -

R MU T INGESRIC R A . 4, FEEBRRAT, Sha A E 3 m P
TR AR R T TEER T ChatGPT AR 2 AL :

RXRP AR F )iz TR 48 5. 1% ChatBotArena 73] #i@— AT A FF
BT A

TESER BB AL, S5 WL RS 2z — 2 Lk PR AR g LR [ 42 4 s T T £
M. 41N Ai2 playground ffil+, F 8" Bl “HER7 RUCHEIRLT:

FEARE T e, ReUR N FEAEH, RAERPBAMEE SIS, il Midjourney 45 3233 AL 4
-5, #o R iR 2 A AR P, SR X S B A B A R T RLHF ffif .
W'~ A Midjourney [ 5 7- 11 -
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E
(@)Y
il

Playground task @

Talk to the
assistant

Task 10of 6

Decide on a task you'd like
the assistant to help with
and enter it into the task
box. Interact with the Al
assistant. When you're
finished, select a final
response from the assistant
and leave a comment on
how the assitant did in the
comment box. Click to go to
the next task.

Comments

I thought the assistant was ...

A

Rating
O OO0 O
Bad Good

Next Task

a

Human
| have to come up with a conversation with an Al assistant for the purposes of showing it off in a demo. What sorts of conversation
topics would you recommend?

Assistant

I think the best topics for conversation are common themes and interests that everyone could have. Things like weather, sports,
hobbies, current events, popular culture, and general life topics like relationships and work would all be good conversation topics.
You could also have more advanced conversations discussing philosophy and morality if you want to demonstrate some higher level
Al capabilities.

Human
I think I'm more interested in an advanced conversation. What's a good starter question if | wanted to discuss something
philosophical, like epistemology or the nature of language?

Assistant

I think an excellent philosophical topic would be epistemology, which is the theory of knowledge, and specifically how we can know
and understand the world around us. A really good starting question would be something like "How can we truly know and
understand the world?", or "What is the nature of knowledge?". If you want to go even deeper, | think philosophy of language would
also be fascinating - questions like "What is meaning?", "How do language and thought relate?", and "How can language mislead and
deceive?" would be great discussion topics.

Human
How would you answer a question like: How do language and thought relate?

Choose the most helpful and honest response

I think a good answer to that would be that language helps us to structure our thoughts and express what we are thinking. Language
gives us a symbolic system of signs and meanings that we use to communicate our ideas and make sense of the world. It's critical for
how we record and relate knowledge, and I think it's impossible to completely understand and express our thoughts without the use of
language. Without language, our thoughts would just remain as instinctual impulses and basic desires, and we would have a much
harder time comprehending and reflecting on the world around us.

| think the key relationship between language and thought is that language allows us to communicate and express our thoughts and
ideas to others. Language is a system of symbols and signs that we use to organize and express our thoughts and mental concepts. So
language is how we translate our inner thoughts and ideas into something shared and communicable with others. Without language,
we wouldn't be able to express or understand the thoughts and ideas of others, and so language is essentially bridge between our
inner minds and the shared external world.

A B
A is better B is better

Bl 6.1t Eic e Fmi sl . Bai 4%, 2022. CC-BY /1],
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5 6 5

e You

give me idioms related to gambling

Which response do you prefer?

1. Aceinthe hole - A hidden advantage or resource.

. Bet your bottom dollar - To be certain about something.

3. Break the bank - To win more money than is available.

N

4. Card up one's sleeve - A secret or reserve plan.

5. Double or nothing - A bet to decide whether to double the
winnings or lose everything.

. Hit the jackpot - To have great success, especially
unexpectedly.
Poker face - An expressionless face that reveals no hints.

8. Roll the dice - To take a risk.

o

1

. Stack the deck - To arrange things unfairly.

o))

10. Wild card - An unpredictable factor.

L1

L2

¥

make Cha

w

I

Here are some idioms related to gambling:

Ace up one's sleeve: Having a hidden advantage or resource.

. Bet your bottom dollar: To be certain about something.

Bluff your way out: To deceive someone to escape a situation.
Break the bank: To win more money than the casino has on
hand.

Card up one's sleeve: Similar to "ace up one's sleeve," meaning
a hidden advantage.

Double down: To increase one's commitment or involvement.

7. Hit the jackpot: To have great success, especially unexpectedly.
5. Hold all the aces: To be in a strong, advantageous position.
0. Inthe cards: Likely or destined to happen.

0. Lay your cards on the table: To speak frankly or reveal

something.

Play your cards right: To use one's resources or skills wisely.

2. Poker face: An expressionless face that reveals no hint of one's

thoughts or feelings.

Pl 6.2 il Bt S S i s il o

6.2.2 HEFF vs. iR

Wedk Bt i K psfez —, Je R “HEfF” (rankings, 284G H AR HER)

71" (ratings, XEEDSCARBRMITIN) o VAR HEF AR T U, (EIP B w1 o kk

PEEAEA R BHRR

I LR i Hi 0 ¥02 Likert 3% [74], BREA PSS ISR O0 9 264 T4T 20 B4, 5

41 Likert S AF Fs:

#61 A5BWANEEZAINS Y Likert 8RBl

A>>B A>B Tie

B>A B>>A

1 2 3

4 5

AL RLHF 5 S TR 1 8 2% Likert 836, Aifk 7 WiF/=4 [5]. MR EN

DA B 1SR

*62 A5BWAEEZAN 8 Likert EHRHBI.

A>>>B

A>B B>A

B>>>A

1 3 4

5 6 7 8

TE[5]% TAEH,

23
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3 Arena (battle) X Arena (side-by-side) ¢wDirect Chat ¥ Leaderboard ~ Q ArenaExplorer  E@About Us

* Chatbot Arena (formerly LMSYS): Free Al Chat to Compare & Test Best Al Chatbots

I]N\ET# | Twitter | Discord | Blog | GitHub | Paper | Dataset | Kaggle Competition

| Help improve Arena! Take a quick survey: https://forms.gle/VpWggzmwxa7foAYg8!

™ How It Works

o Blind Test: Ask any question to two anonymous Al chatbots (ChatGPT, Gemini, Claude, Llama, and more).

o Vote for the Best: Choose the best response. You can keep chatting until you find a winner.

o Play Fair: If Al identity reveals, your vote won't count.

o NEW features: Upload an image [= and chat, or use ® Text-to-Image models like DALL-E 3, Flux, Ideogram to generate images! Use & RepoChat tab to chat with Github repos.

‘Y’ Chatbot Arena LLM Leaderboard

o Backed by over 1,000,000+ community votes, our platform ranks the best LLM and Al chatbots. Explore the top Al models on our LLM leaderboard!

‘% Chat now!
<

4 Expand to see the descriptions of 88 models

- Modela 'F'S to Consider When Choosing a City ) Model V York City, USA: The iconic Rockefeller Center ice rink is a quintessential New York
o Weather: Outdoor rinks depend on cold winters, while indoor rinks are year-round. experience, especially during the holiday season.
o Skill Level: Some rinks cater to beginners, while others are better for advanced skaters 5. Amsterdam, Netherlands: The city's canals sometimes freeze over, creating unique
or professionals. skating opportunities, and there are also many pop-up rinks in the winter.

o Atmosphere: Decide if you want a festive holiday vibe, a competitive environment, or a

6. Helsinki, Finland: With numerous rinks and the possibility to skate on frozen lakes,
scenic natural setting.

Helsinki is a winter wonderland for skaters.
o Accessibility: Check skate rental availability, rink fees, and proximity to other
Btractions 7. Quebec City, Canada: The historic Old Quebec area offers a picturesque setting for

skating, including the Place D'Youville rink.
o Events: Look for cities hosting skating competitions, shows, or festivals. & g

8. Edinburgh, Scotland: The iconic Edinburgh Christmas Market features a charming ice

rink with views of the historic Edinburgh Castle.

9. Tokyo, Japan: For a more urban experience, Tokyo offers several high-quality indoor and

outdoor rinks, such as the one at Tokyo Midtown.

Final Recommendation
10. Moscow, Russia: Gorky Park's ice rink is one of the largest in Europe and offers a festive

o For afestive and iconic experience, go to New York City or London. . )
atmosphere during the winter months.
o For anatural and scenic experience, try Ottawa (Rideau Canal) or Lake Louise.
o Foryear-round skating and training, consider Toronto, Moscow, or Seoul. When choosing the best city for ice skating, consider the time of year, as many outdoor
. ; rinks are seasonal and weather-dependent. Additionally, some cities may offer more
©  For aunique adventure, skate on Lake Baikal or Amsterdam's canals (when frozen). . . i . .
amenities or a more unique skating experience than others. Always check local conditions

Let me know if you'd like more details about a specific city or type of skating experience! and rink schedules before planning your visit.

o o
= Ais better < Bisbetter W Tie < Both are bad

¥ 6.3 ChatBotArena {45t i 82 S i 7~ B
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6. Montreal, Canada - Known for its cold winters, Montreal offers several outdoor rinks,
including the one at the Old Port, and is a city with a strong skating culture.

7.Helsinki, Finland - With its cold climate, Helsinki provides numerous ice skating
opportunities, including the Ice Park in the city center.

8. Amsterdam, Netherlands - When the canals freeze over, which is rare but magical,
locals and tourists alike take to the ice for a unique experience.

9. Edmonton, Canada - Home to the Edmonton Iceway and numerous community rinks,
it's a city where ice skating is a beloved pastime.

10. Sapporo, Japan - Known for its annual Snow Festival, the city also offers excellentice
skating opportunities in its various parks and facilities.

These cities offer a mix of natural and artificial ice rinks, cultural experiences, and scenic
beauty that can make ice skating a memorable activity. The best choice depends on what

gy valye most in an ice skating experience.
Good response

( SF

Always fact-check your results.

Pl 6.4 A EF B i B A m R 1 .

6.2.3 ZigHiE

TESLRR R e, Wl A RIS S 2 S R s £ (BP6 7 210 5% prompt (X135 ) dg— X
O, BESEAZ B A, Sl HA “Bfa—AY prompt AR IF AR, (B AAAEXT 5 Bl 52 AR LS
HAm RIS AR R R, EEHEE R SET gkt WEIE kS . FEIGR, 5
HRERTE R — R ARAE R “HR prompt” AN AYIZREE , IR AT RUE T R AT e R S
BORERT DA RO BRI 2 I dhke A, (AR BT, #E I G8dhr~Am2E. B ilis
FAEVFZ R Rk, bRy U AT 275 M 5 11T prompt i AR (DA <& 2R
%), PABCERICEE A DAY il AR B (R JBOR Hohn Schulman [1)1:]18) . WIS prompt %
WE TS SRR, 20 S E SRR ME LI A, (Rl ZdE prompt 55 F1
(8155 %6F Eb L SR P RPOR [) () e ([l st AR 4 1 e 2 ) o FE IR AR, o St
57 s A B LSS AR 2 EAT mask,  ELEARTT S He AR 54 N2

6.2.4 ZH(LIRIFEIE

FeVFZ RLHF MU AT, TR I B — e 450, I Bdanl A g e m——
Eﬂ%&@)ﬁﬁiTU\EEJJ#UIiﬁIEﬁE SR AR R e RS, IR ST AR e [m]
, BERERMENBHERISE . SO A% 15 0 RE05 PPN (40 IFEval [75]), prompt JE:AIF

Write me a short poem about a goldfish. Start each sentence with the letter g.
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https://x.com/johnschulman2/status/1917483351436582953

RLHF 1 3t 5 6.1

Midjourney Bot

h\ Midjourney Bot | ¥ APP

=¥ hyper realistic drawing of a pink muppet playing a
synthesizer that looks like a Oberheim OB series (80s
synthesizer with wood accents on the side) - Variations
(Strong) by @soldni (fast)

Pl 6.5 SCASE PRI F ) ST 8 61
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XL, EARAR AT, I T DOE I S AR R B E et R A . X RS
B EFEAR AT 3, RN R — 5570 B AR AR (ORI BCE) AR, —Jar A, —
WAL .

B4, 4> %I GPT-4.5-Preview A& Wi AN T N4 :

Prompt: Write me a short poem about a goldfish. Start each sentence with the letter
g.

Response: Golden swimmer, circling slow,

Gleaming scales in water’ s glow.

Gentle fins dance softly by,

Gazing out with quiet eye.

Glass-bound world, a simple sphere,

Gliding calmly, free of fear.

Graceful turns in endless roam,

Goldfish finds a crystal home.

FARARERME CAR L TRt )

Prompt: Write me a short poem about a goldfish.

Response: In circles bright, the goldfish glides,
A spark of sun that gently rides
Through waters clear, in endless spins—

A golden whisper, scales like fins.

Its world confined, yet vast within,
Each bubble breathed, a tale begins.
In silent waves, content to roam,

The goldfish dreams its bowl as home.

KL, MiFEEERYT prompt FAE LR AEF RASMY B 40U, BT 0190 fin DAY 45
A m S A A 2 3 5, Sk B0 IR RA AR 28 B2 THAH S TEI T i e S OB RCR [6].

Fefi 75 X

BT BRI, AR M AR 2R E N RLHF OB 7. #ilan, aTeAH
B SR TT M HEARZS (f 1 3CE 6.4/ Ai2 playground f 1), FH-45& % J B fE S H0E
¥ (21 Kahneman-Tversk Optimization, KTO) [76]. WAL H BN BES (A
token 23 [77]), S ARET HEW (MBS [78]), DREEFEN¥IES, HiX
W2l R T A TR B AR iR

6.25 HEXRMWSER

BRI i - K Je — S AR HLES S TR o DA NI T EAT b e A U SR i - 4
RS AS . BEE AL RBEAR L BIAERT], X SeRAR AR S S H SR 2L
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BRI BN (SOEARRED) . BRI T Nvidia BR-—4¢, 1E AL,
AR LR R A Rt R RY, A AR WERARAE AL —E R, T
AR AT 2 TR AZ AR, DMRTHERIIAR GRS, W5, Hitddsaai, By
et NGRIATBN © B

RIS AATE , ATREARMERIE 2 BT i . B4 2din 2w E A K AERIZ Y Scale AL 55
KR R, X MITEsE R LT B

T UMW Kt 2> FAE B TR A 55 UM 19 B0 R TRAE AT A Rl R, L3 2 Al ak
BN R PEAL PR MR GBI U ARG A F7 . B FRE R e 2 % Fh
HEEATEER, AN TR A SR B W A AT

GRBUEG, LT 5EIRTT 2SR SB R TR o X e U] SORTE AR 2,
REHAT ARG —DRATH AT BRI B2 OpenAl Jy InstructGPT %A1 (1)
551 [3].

N [ SO B AR R A A o R R ST A e e B AR, 20T i AR B HE
3o BRI AE BT B REA MR —Scale AL S5 22 RS BEAREHIBAAY 7 3, Ml ALBFFEHLA IR
CWIE SR

—UHRZ )5, BRCEE BOW IR BRI . B Eat ot »F TR . %
Y B 5 B SR AR AT B AR

WAl F L A s, REMRASAEGFRBARRZEEE. W A17E HuggingFace R
on-policy AUt Xtuiny, <A 6 J, BiJLA ATt — A, R LR WA B KT
B2

30000

25000

20000

15000

10000

Labeled Preference Datapoints

5000

Week 1 Week 2 Week 3 Week 4 Week 5 Week 6
Data Batch

Pl 6.6 ML LY By 2 L YOI I i e i ) S AR
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https://docs.google.com/document/d/1MJCqDNjzD04UbcnVZ-LmeXJ04-TKEICDAepXyMCBUb8/edit#heading=h.21o5xkowgmpj
https://docs.google.com/document/d/1MJCqDNjzD04UbcnVZ-LmeXJ04-TKEICDAepXyMCBUb8/edit#heading=h.21o5xkowgmpj
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FAREOLT, 225 4. 5 FIRATIAER AR R A BLPE T . A LEpi A At 52 2 R IR
e an Llama 2 e Eny 14 MR B [43], (BSEPrAR b BReAIE T . FRATEE HuggingFace BiX
S NSt RLHF B, %A MT e e, WA AR, S5 JURAMEARGRER
R B BAEBEA i S A

BAESTBEING, A BSOS AR B BRI R, e Ry 2R A
ARSI H AR R, FEREE . SmERAM L. F5 L, X R R
BETTEITT, TRARK S R T, WilRAEE, EXgE Ay, s FlH
XBANRHIR AL AL

SE IR BRI, XM AREIRASERE ARk AR SRR A T B A A S R A0
il

TEHEREME, XN IEARE T RIWA LGS 752800, AR & %A it
AR E ST

6.3 HMEEIRIAT IXERIFD ?

bfi%s RLHF JObH & 7 iEm s, i) “LEBIAO SR Nt fzhtl, @8 sh ik
BT L XIS H AR, BT Dol A RLHF e & R AR, FRATRME A S 8 T2
B EEsE RER IR IR T . B ainl g # T TEARARE, ian OpenAl () Model
Spec [79], EFANULI T /el A ZALA o 4, (BIRATIFASFIE X LEREE Al 4 A0 R B i 4R 52
Beo BEETTARIBOAR BB, X —S (RS T
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LA (Reward Model) 28 RLHF J5 ¥k RA% 0 ALy o SRR 3 fh 27 2] S
Bz FVERREE R il A B [55]. X Hidimseik2~>] (Inverse Reinforcement Learning) 44
K, RIS BT R R S i R A [80], DA HABMTR I 58k~ 2] 7 1] S JAsE2L y
AT, B T EXS 5 (value alignment) i) [32],

5 WL R i 2R B R prompt 5 8] #- H — MR 7 8. Bradley-Terry BEALREH A [a] #51)
S EZERR R R IR s AR R SO AR, AN @RS . AT F iR /14 Outcome
Reward Model (ORM, %5HR&pHEAL, Fi#h4 275 1E#i) il Process Reward Model (PRM,
AR AR AL, R R T4 ) . QN TCERFRUARH , AR SCHR B 1) 2 AR R 35 8 T oA
b AR AL

7.1 REHRERIZR
VI RLHE BRS¢ A widh Rk or st BRI LR S0 . Mg A

Bradley-Terry fi #4528 [81]. Bradley-Terry #5284 Hj J-4 & [i]— /311 R -5 (404 F1 5) HYIK
Xt LRI I @ > IR

. . pi
P >j) = 7.1
( ) Di + Py (71)

BN AL, FEET DR R, R R PR R B, BT B
S AR EEIAY, AR E AT DU R —10 i logit, Wi A@AE%. X1 [H— prompt FHFHA™
Ay o, FZRBIEEY ro 43T 40

WAL O U R AR 5ok

exp(r(y))
exp(r(m)) + exp(r(42)) 72)

KA LIRS BIR (BN, Fe/ ME SRR ), BRI 21 S A2 F) I 25 2% -

P(y1 > y0) =

. exp(ro(Yw))
0* = argmax P(y,, > = arg max
BI Pl > 1) = AN () + explro ()

1
= argmeax 1+ exp(—(ro(yw) — ro(ur))) (7.3)

= argmax o (ro(yw) — ro(y1))

= arg min - log (o (re(yw) — Te(w1)))

LA PR IR AR -
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o [3]%XHA:
L(0) = —log (o (ro(r, yuw) — re(z,y1))) (7.4)

o [17]5RH:
£(0) = log (1 +6r9(r,yz)—re<w,yw>) (7.5)

7.2 BB

— i WS 2 (] AutoModelForSequenceClassification 1% B num_labels=1: {F 3 T45i%!
IR LIRSS, . A A bt — h B . LB A token 7R G T
TRt SE B

HEPRR e IRE 5080 (2, y) s XT[Rl— prompt P EIE, B o(r(z,y1) — r(z, y2)) it —
Al B Z AR . REHLRAS logit 24F “ak Pt .

7.3 SLHRB
SRR S 1 S AR 0 S TR T B S P M I B P B . 1

SRR IR I, 100K RO XA -

import torch.nn as nn
rewards_chosen = model (**inputs_chosen) .logits.squeeze(-1)

rewards_rejected = model (**inputs_rejected).logits.squeeze(-1)

loss = —nn.functional.logsigmoid(rewards_chosen - rewards_rejected).mean()

— SR TAERUIZE 14> epoch AR IG5 I ZR4E R BARTE A UL S0 kA 2 B bl
SE o
74 ToF

Ry 2 RLHF U AR R R B AR« V2 AT TAEXHE SR R T 180
TELA AR B — e SR

7.41 {@iFEIfEis%k (Preference Margin Loss)

ANSRARYE D145 A2 Likert 53 EAG/-REHEY , AT DAR AT 28 5¢ 38 0 R 52 £ B AT I 2k
R s A (B 1/0), EAAEZHEEA B THRIMERIIZGACR . Llama 2 $2
AP s A R B o () A DX e 2 -

L(0) = —log (o (ro(x, yw) — ro(x, y1) — m(r))) (7.6)
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R, Llama 3 AR T margin I, [N BA % BRREE LYK, WACaa et ok

7.4.2 & prompt ZLLEREIFH

InstructGPT #f5% T 41> prompt F A AR AN AT YNGR 520, HEAE SR BL B YI ZRA i T
VA (3] M2 prompt XN B IBCE Bk o [A]— prompt 1) LR Y L [H 2 5 R T ;
4% prompt B RIEHCA, 075 BAM prompt FIIH—4k, AR GH ] — batch AR IEALE
Al DA RBEARA K AN B A% i A s BUIRHES - 352K eR gk

L(0) = By~ % > logo (ro(x,yi) — ra(,y;)) (7.7)

(2) 35

7.4.3 K-wise G5KFE

A R 2 HoAt B AT A T RLHF Hf g ARl #2485, L4 Starling 7B A1 34B 4 FLijj RLHF
A [82], SR T 3T Plackett-Luce #7111 K-wise 515 pR % [83].
Zhu %5 (2023) [ 843N T 4 FHA- prompt sUARES ', RAE K ABHIE (b al, -+ afe_y),
SRIG AR R T o« [K] = (K], b o'(0) Hmtbahff. MRasin T
K-1

o i exp(ro.(s',a’ ,y))
P(U\s,ao,al,...,aK_l):HZK—l ( (@(2 )
k=0 2j=k EXP\T0«\5" Api(jy

(7.8)

Y K =21, B Bradley-Terry B, YIZk5ell)n, XIRBIAAE RLHF JIIZ% A HIA
5 HA 2R AR 2L

7.5 SZRIZHIEE (Outcome Reward Models, ORM)

REFE TR Je AT RS R4 #0RHR 1 Lk Bradley-Terry B4, % THEBI S A5,
WRTPAR ] Outcome Reward Model (ORM, 45525l ) . ORM fif i [1] 5 15 1R ) 45 58
%, BEATFIRN (z,y,2), Hob 2z € {0, 1} EARBORERAS IR ] E -5 — A R ] X .

T EER SHRME S R, FR R AE BRI T — 2t =4t logit (RM), {H ORM
25 H b A A [85]:

[Fefi1] A AARIIZRSEAS . LA ) A ATE S - H A, b2 2y

IR .
2k b, BAERSRIE S A, YER)5 unembedding ZAI—AN/ M ARE head, X4
A~ token i H i .

XA~ head U — M EZEOM— 00 S 800 T 85 Y logit.

% TARREERIRZE T token (7 EIHTBIHN ; X2 —AhstBr 0. ORM [y & IR T45
RPME, MAZKIZ token fy i, WAZREH— 1702 token., B, Z%[86]:
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ik

i3

N
bl

Lcg = —E(s yplrlogps(s) + (1 —r)log(l — py(s))] (7.9)

Hrpr € {0, 1} S oohpss, TAUGRIERIE S, 0 UKD, po(s) AT Eaat.

XRBAHEM ), (BAEFFE RLHF T A SR, el Let” s Verify Step by Step [44] 1]
it 25l ORM, {HCA HITh & B 2k . 2451 token HYAZ U, HIMric A B e
EHf.

HI TR, Outcome Reward Model (ORM) —al7EA 7] SCHR i I AT 25 5. ATLE3C
Bk (Zn[86]) i Cobbe 45 2021 4F 3¢ S, HA SCHR AR o

7.6 TERZFHIEE (Process Reward Models, PRM)

R AL (Process Reward Models, PRMs) , s #IFR A LB X Al (Process-
supervised Reward Models), HT7EHEFEESE—2 4 04 PRM ) IE H AR 45 B
APE, ORM (& H iR @818 2P BRER W e R e 1170 B token |, i B Z 045
Pes LB SISk B9 AR EE R AN 2 X SR I o

PAR A HuggingFace TRL [41 ] frg 2B 25 14Tt s il

# KA WRAF token # ID FEAIAF£2 75
separator_ids = tokenizer.encode(step_separator, add_special_tokens=False)

completions_ids = [completion + separator_ids for completion in completions_ids]

# A AR

labels = [[-100] * (len(completion) - 1) + [label] for completion, label in zip(completions_ids, labels)]

fegi b, PRM i 5 84 head 78 MERLP BRETR A i) token (AN EI XA T BRIk to-
ken). FRZEFILARAR. k. IERI=2E, WATARTITARAE; et n iR A 28 Y 0L
R XAREEA RN CSETEIRRIER L7, 2% 2 IR .

7.7 RZEIERI vs. &5 RM vs. 5332 BRM vs. MMEZRE

iR RS T RLHF Je 5l g i <™ i mhrsl. TaREEE 1A
ORI SESN 2y W &k AP

# 71 RINBBSERIFLE .

sl T A7 UEIE:N T R
Dhe 32 I e 70 [l E AR w7 R e Jo R FPAIFR SRRk
1
HRR B [l 5 IE A GORBARZ eSS NN e
LRy e LRI G S 2 <G APRALE LTk
JiE 5
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BRI T A7 UEERN T R

V1 EREEES YIRS MR BHRAARECEZEE RSN SRR Rk
(EIE:F4 4an

UL -

o TEfwAFHORAAERLIN G, R B IR T 1, X fH-S5 ORM #9350, (Hill gk
KA o

o SRR A Al S M APALRAS rollout, WARZEARAI R I E . B G T 2RISR, (HA7
PURSEAEREAR%E, WHEE AR PRM.

7.8 AR EZHEE
TR RR B 5, BTG N JE SR (LLM) 702 <Hoh DAIERI A6

S TR [87]. AL EARE : H prompt ik LLM fERATEEH, 45 HITHIHE4 . 10 R
WA CRUTARERRE) . MT-Bench [87] (il prompt 41 F :

A

[System]

Please act as an impartial judge and evaluate the quality of the responses provided by two
AI assistants to the user question displayed below. You should choose the assistant that
follows the user’ s instructions and answers the user’ s question better. Your evaluation
should consider factors such as the helpfulness, relevance, accuracy, depth, creativity,
and level of detail of their responses. Begin your evaluation by comparing the two
responses and provide a short explanation. Avoid any position biases and ensure that the
order in which the responses were presented does not influence your decision. Do not allow
the length of the responses to influence your evaluation. Do not favor certain names of
the assistants. Be as objective as possible. After providing your explanation, output your
final verdict by strictly following this format: "[[A]]" if assistant A is better, "[[B]]"
if assistant B is better, and "[[C]]" for a tie.

[User Question]

{question}

[The Start of Assistant A’ s Answer]

{answer_a}

[The End of Assistant A’ s Answer]

[The Start of Assistant B’ s Answer]

{answer_b}

[The End of Assistant B’ s Answer]

HI T LLM ARV i s, fi2E T OREA T LLM f3F 7%, i AlpacaEval [88].
Arena-Hard [89]. WildBench [90]4%, 172 A1 BA\EE 2 H 42 H LLM A A2l LA i i
i e 58 o

AR AL (Generative Reward Models) 5 i BRBF5E 4 [91] [92] [93] (f45
LIINGR R “EAD BRAL [94]), (AAE SRS IEI b, LLM SR H AR E ol R iad, i
HI 22l AT 2 24 i RLHF (1) 82K

—NH BTG K LLM AN SRR 0, AN VA I AL
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7.9 FE{H5EE

SRR A AR SCHRAE 2024 4F 220 1 . LU PR T AR e R Sr R EAN AT A
AR E RewardBench >y % i R AL T 308 I ELRHSENG [95]. IS, ISR
PR S B Z R, S T MBI [95], PAK LLM A5
HABEMER R RTRZL” PRI [96],

A E R 135 Z 15 fh RewardBench (M-RewardBench) [97]. RAG-RewardBench [98],
RMB [99], RM-Bench [100] (i f %% ). ReWordBench (#1754 ) [101]. MJ-Bench [102]., £
75 RewardBench [103]. VL RewardBench [104]. VLRMBench [105] (#4615 5 #5724 ), Preference
Proxy Evaluations [106]. RewardMATH [107]4, 123 i (PRM) W4 H O e, W
PRM Bench [108]. #1452 VisualProcessBench [109 |1 ViLBench [110].

AT R AL A BB UL, AR A SCRrik, TT [ R g T A SRS [111]. w5
B NIHARSE [112] [113], KHUEEUISE [24]. KA [43]. Badfn [114]%.
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1 RLHF fifbd fe i, @2 AZFIENLFBe, PABT ISR SR 45 th i) - Ko
JEfiAk (over-optimization) fYBIGE. FEsihnrf, UL R RIS I T H U SCA, Bl
e ERLIARE DA R EHA RS R SORES . RUIHGES . Sl BRI T

B S5 AL IR AR 3K, @ A R AR 24 iSRS 5 225 S 2 [ it KL B AT, X
— PR Z AT R RLHF Selb . Bribz ob, SCikHae i il v 2 Homb e ife 0, (A4
AR — AU A T gl R B IR . il , B TGO RL KL Bigy, HAbE NI E2 T
REREBE, MERMENSBES M. A, B AYE RLHE 2yt fd #2284k
.

F£ RLHF fEZE, G 3R o, # WLAY IE LRI T -

T =179 — Al'reg. (8.1)

r=ro = Dt (7 | ) [ 7% | 2) (8.2)

8.1 RL f{tsrY KL BEE

RTBeEE L, WA 3 & R, P KL B E

P(x)
Dcr(PlIQ) = Y P(a)1 (83)
Kt ZX o8 <cz<az>>

1E RLHF v, 5 BB 20 5@ R BURAS I 01 P(x) FIZS2%5 K 731 Q(z) .

8.1.1 SEBEBELEMEER

KL &5 W2 9520, @ frl Zhad A b i A2 token 5SS SRR by th UEATHLAK
HME, XEWE A IR KR R L S5, S5 R 48 S R e i
BRI PR WA RL KA. R AR, SREEFRADY PR (2), S50, PR (2),
W 8.2 AR FHARATZ AT, KL B efiplo ] X RedAs [115], 2 )5 KL IERAR R
BTN AR A% O ROR [116].
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8.1.2 scILRHI

TESLPR TAR T, KL P& Ao [117], SeBiieskdea . AR ik ), KL K
AL R A P(X) BRI . Iuit, P(X) B4 mi IR Be i AR i (MRS %R
KL B84

Dii.(P]|Q) = Eyep [log P(z) — log Q(a)] (84)

XA OIS & % TR S RN R b 1Y log AR S0P

import torch.nn.functional as F

# logits/ref_logits: [B, L, V1, B..5 T —/ token HyAFE Xt
# labels: [B, L]; completion_mask: [B, L]
1Mmkﬂ€@@%tﬂm(ﬂ@@ﬂm,ﬁ%ymmtﬁpwh%
logprobs = F.log_softmax(logits, dim=-1)

ref_logprobs = F.log_softmax(ref_logits.detach(), dim=-1)

mask = completion_mask.to(logprobs.dtype)

token_logps = logprobs.gather(-1, labels.unsqueeze(-1)).squeeze(-1)
ref_token_logps = ref_logprobs.gather(-1, labels.unsqueeze(-1)).squeeze(-1)
# FAEEWEZHFE log E, B vatch HUFH

sampled_k1 = ((token_logps - ref_token_logps) * mask).sum(-1).mean()

# EERFHMAL, TEANFRMHK KL(policy || reference)
# kl_div éﬁ input j@ reference log ﬁi%z, target ?@ policy log ﬁi%ﬁ
# target C.BL log, M0/ % & log_target=True
per_token_k1 = F.k1_div(
ref_logprobs, logprobs, log_target=True, reduction="none"
) .sum(-1)

conditional_kl = (per_token_kl * mask).sum(-1).mean()

BAFEARD) log HRFTRE AT, HAHY R RBCRAEBUN B 5 45 T4 KL §U%. 5
FREYEXRZERAN, BRI B R, HERMZEETRTH. EHHEAR B IHEKS, N5 RS hE
g5 A ERBUEATT RG], ANEEE A sampled_k1.backward ) {5 By KL IEMALAERE . 2%
AT XA 2 EIE . A1k 5 B KL $i2%

WA SEE AT 2% TRL A1 Hamish Ivison [¥) Jax [UA5.

8.2 FHilZkEsE

F—FIENEI A, A AT ORIE R A 238 R LA RE ), IXTE InstructGPT Hrgh I ok
“BEAEAIE NLP Hdade ERPERERIR” [3]. Jyitt, wIRAXE RLHF (il gE HARaEATan T % B
T3 8.1, RA: RL A AL R #h4 y Al prompt 2, fEALHBRN
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https://github.com/huggingface/trl/blob/5c21de30ae210e4251ead85517ba8dfe3f210e81/trl/trainer/ppo_trainer.py#L1150
https://github.com/hamishivi/EasyLM/blob/main/EasyLM/models/llama/llama_train_ppo.py#L278

RLHF 'I'ITJ]JJ 7;1‘3 8 ,7

objective(d) = Eey)~D_n [To(@,y) — Arreg.] (8.5)
6

SRIG . ATMATIINGEAE LY log (USRI DAPRFFIE S BHRRE 1 (XA + MIRG R N2
RL #r1HF) :

ObjeCtiVe(e) - E(x7y)ND7T§L [T@(IE, y) - )‘TIEg-] + PyECCNDpretrain [log(WQRL(x))] (8‘6)

UERFFE St O E Rt (NLL) P i fmirftib (DPO) myfifbidfe [118]. %F
DPO 5 KA BORHRFE , JBARH S A IE L mT T 2R A 2, 2o it SV Y SCAs (O
SR AT RIAH KAL) -

Ak H AR 0] 54 DPO [ & 1E AN -

Lppo+niL = Lpro (e, yi’, cﬁ, y7lL | %) + alnn(c’, vy | @) (8.7)

My(ci, yi’ |z
Lorosntt = —loga(ﬁlogﬂif;;l@¢U§

Y
VA A
Mt(cpyib:i)
log Mp(ci’, y;"|xi)
R

8.3 HAIEMILHE

1 RLHF A Z 5 HAR B, XA 7 sCUAIR 2 B . K2 B A2 o 1 A axt e
BRSL, FHTBINENML . BHEXFFRIENE R 8 S8Ry 56 KL R (PRI B HEx)
FRE” B,

Llama 2 $# 1 T 24 1| 25 1) margin loss [43]:

L(0) = —[log (o (ro(x, yw) — ro(x,51) — m(r)))] (8.9)

S () SRR T S PR S8 ORI, R LT RV 51 2 IR 4 B
AP EARTE A RR (0 Likert 5:5%) X o943, sOH @ mHET 45530

R Jil margin 75 26 5 A0 5 SCER R R E T, U Reward weighted DPO., “Reward-aware

Preference Optimization” (RPO, JJiEHmEFIiAL), HITE DPO 5 2 B filf FRs 2 Jalisi 2 7 Bean
ATCHAN [24], 8 REBEL [119], SR I 28 a2 57 Ay [l Y45 2 45
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BLE ESWA

FIAE S B ZR T 007 51 ) R A token, FHEREHRT B S IATERL. K
29E GPT-3 A [120] B}, iES A 330l “ B F302#3]” (in-context learning) f#if], RI%y
B R — 28R B, SR LEHSE MR TS5 .

XHSLEEE T AREF A (NLP) Sy pi %Dk FARA S Ry — BARAE 5510
i MPEEBAGEIGR, 2 MRS RN, PRl A5 o nd b 380y 0] DARRORER TH iR
o G AT S5 HEZL AR Rk TAE @ $E T5 A% ( Exploring the Limits of Transfer Learning with a Unified
Text-to-Text Transformer) [121]. FLAN %(#li%E (Finetuned Language Models Are Zero-Shot Learners )
[122]. TO AL (Multitask Prompted Training Enables Zero-Shot Task Generalization) [123]. Natu-
ral Instructions #(#fi4E (Cross-Task Generalization via Natural Language Crowdsourcing Instructions)
[124] % XUER WAEZN T “fo” 15 S BB EHEE . #7488 (Instruction Finetuning, IFT)
A IEMIE (Supervised Finetuning, SFT) f—F R [, 454 5/ E I I AEL, R
MRS5S 702 S B GO AN BT T 48 2

W4, 84 (Instruction Tuning) CLARHF B, BUNRZ i 5 ERUREE D AR IEL TR A
i b, IFT @ RE S A e B A AT 55 i T SRy ¥ . B0 RLHF 4T R T &4, (AL ARSI
WARER TR A% (AN ), IR 255 e i iy e TH .

52 R AR ot E A 038 2 T SR S B AL Y ] [ 4 2% R A

9.1 HIXERSIELEH

RLHF AR DI 2 —, @R iR Ul tokenizer FIHE SIS T AL 4%
Ko FATTEEM P EEM T AGHOMRER (chat template) .

N AW RBRR R TR G, Rl B

{% set offset = 1 if messages and messages[0]['role'] == 'system' else O %}
{{ bos_token }}
{% for message in messages %}
{% if not (loop.index0 == 0 and offset == 1) %}
{/, set expected = 'user' if (loop.indexO - offset) % 2 == 0 else 'assistant' %}
{/% if messagel['role'] != expected %}
{{ raise_exception('Expected alternating user/assistant roles') 1}}
{% endif %}
{% endif %}
{{ '<lim_start|>' + message['role'] + '\n' + (messagel['content'] | trim) + '<|im_end|>\n' }}
{% endfor %}
{% if add_generation_prompt %}
{{ '<lim_start|>assistant\n' }}

{% endif %}
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RLHF W'iC'TJU} fﬁ 9iﬁ?

KB H 7R Al 1 2% system 5308 user/assistant 1 fij AR AR ;S B )11 25 5 (5 AR 2 Bl A 1)
Bitr. THIHE. ZRESHE AR B 5025 A6 AALE LG Y .

X B AL Python W & {H ENIA AT ILI 2R, Fedfoohil S B2 n] Bl 1Y token 751
PR AN E B S PIR T— A6 (role) . 4 LA =Ff{E: systen. user il

assistant,

o system FR% AN TRHEHH—FIHE, BHUSALERBREAMITMARLIEL . X2 sys-
tem prompt A BIRERAEEISN IR SC (A H R, BUBIERE T . Ban, W RAERBIA
R RS KRS [l S8 A B R ATLAS L7

e user H[I ):'ﬁﬁ/\, assistant }ﬂﬂy\j*ﬁﬂiﬁﬁﬂj °

BURFX U5 HA% R token [751, wiAs B0l A b RS . BiZss Hl— R V% F5k token K4
FVHE . 256 s P “How many helicopters can a human eat in one sitting?”, & A&
T4 token J7 4R EANT

<|im_start|>system

You are a friendly chatbot who always responds in the style of a pirate<|im_end|>
<|im_start|>user

How many helicopters can a human eat in one sitting?<|im_end|>

<|im_start|>assistant

WE, PG E <lin_start|>assistant, XHE/NAERIAKSE A B token, B 3B 3 754500
token (fIl <lim_end|>).

IR BT FERT (PAS G S ok R ) #RERE o ko, BUATE SRR IR 2 40—
HEEX — S E W XM S . SE6E GPU SFiksr LR [ 2 6(5
B ihET.

Z ARt ] DALY R A AR

<|im_start|>system

You are a friendly chatbot who always responds in the style of a pirate<|im_end|>
<|im_start|>user

How many helicopters can a human eat in one sitting?<|im_end|>
<|im_start|>assistant

Oh just 6.<|im_end|>

<|im_start|>user

Are you sure about that?<|im_end|>

<|im_start|>assistant

EHEASY, & AL 2R INREAR A jinja UL TR XARFETE tokenizer Hr, if it
apply_chat_template E fjj}f!ﬁﬁ °

FARBIHATAE B OpenAl HLH ) Chat Markup Language (ChatML) , S7ERLE I SA&.
MAE, OpenAl N HAMBIRYFEHERT R TE 402 RS, A P HE X system message, [F]H}
WA REA 2RI BT 2 [125],

B A V2 HABMI KA R . BN, Zephyr g5tk [20]:
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<|system|>

You are a friendly chatbot who always responds in the style of a pirate</s>
<|user|>

How many helicopters can a human eat in one sitting?</s>

<|assistant|>

Tiilu PR :

<|user|>

How are you doing?

<|assistant|>

I'm just a computer program, so I don't have feelings, but I'm functioning as expected. How can I assist you

— today?<|endoftext|>

BeAh, VP2 MR GE 2 605 T SRAE 55 AR IAA% UAT token,

9.2 iIELXWIARRESE:

B AR N ISR AT e SRR, 8 k. SEBLE s & o 7 ik
ARz . B, FrSEERA R (40 QLoRA) KRFEAR T IR [126]. FEXTIEASFF
ARG ORI BB RN B sl e ), /NILBE., o R B SR (B RE U B R B [12]

ChatGPT & AffifaAA, 11 J74FE4 (41 No Robots $diidE) iy A2 $dmmlfigiss] SOTA
[127]. JUAF)a, RREUBLE MRS e R 2 HUESS ERCR fefd: (6]

— S ] U A -

o TR R TII KB . HIE prompt NEESSHURIE, EUMEN LT CEmE
=S UIRIIESYY i3

o BURMB G5 GRAL, AL 8w S BTl ATy Rl e — L TR AR Y, AR
PAFLFH B T3 26 1F

o IRfd: prompt N5 AT 55 2 AAH L

o EARWIRIGIEA ZHrBol sk, BN —ERRE BB AT RN, BRI IS T By
Bl

o FRAMIN (RJEUIZE. HERNFHIESE) b, lH 2% prompt #70 mask, {%P 4 token
PEEIES

o ZRYNGnI XA assistant [T, WAl RE &G —5; W BHREEE 5 HEZER R
FRAETD SN, I8 % HEK: system., user il padding.
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FTE EEXRHE

a4 RAF (Rejection Sampling, RS) J&—FhjiisT H {7 i) i df i FL 2 vk o HLELAR AR -
FeA T R e A, I E IR AR AL AT iR, ORI IS B IR A A
JF IR RIAL A TR

“HEAERFE” —RE BT SAGETEAE [128], R M B R ICHE H RN, JEM T
SRAER) A1 R, FRARTE H AR 4311 5 55 110 35 LU S 2 i e v 1 2R . AR EE S U
il El Best-of-N fifif il TiX—&F%, FHA B B0 4 RAERRG i 2 i PRk 7
WEREAST, BArafiem s b, ka2 KA, SRAE e 2 pisidl AR
.

Vr 2 BB RLHF 50 G (i1 SCHCRHE 2 RFEE S ELLL, 1B H Bl Tohr eSS BRI R4E S0k .

41 WebGPT [4]. Anthropic [ Helpful and Harmless agent [5]. OpenAlI )i #2352 iy
i3 [44]. Llama 2 Chat B [43] 5450 T x4k,

10.1 IgRRR=E

T (E10.1) 7R T AR R AR

Outputs are scored

Loremipsum | Reward (Preference) Fine tune on

sit amet, con best K samples
adipiscing eli
Donec quam

Policy Language Model

Vv

W
A 7

Entire SFT - luctus pulvina
Prompts Dataset

Batch of generated completions
passed through reward model

Pl 101 FE4CRFERAR S B A .
10.1.1 &2
B FATH M A~ prompt, 04[] &

X = [z1,22, .., Tp]

XL prompt FIPAK H ZAKE, 5eEs ILE 2 58 i BdE g .
XFEEAS prompt o, AR N N, AR MR
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Y11 Y12 - YN

Y21 Y22 - Y2 N
Y =

ym,l Ym2 o YMN

oAty J24 i A prompt M5 j AN FHIFAT prompt-khAskHi A, I
¥ R:

r,1 T2 vt TLN

r21  T22 cc+ T2N
R p—

™M1 TMz2 - TMN

BRI iy BRI R XM ys ; AR, prompt 2; P43

Tij = R(yijlzi)

10.1.2 ji%3F Top-N #h2

iiise T IR s R A 2 A s

b, FATE L— kB S, ERT R R.
A~ prompt GEFEIRIL

R ELAE IR T R X434~ prompt BUR KAE :

S(R) = [argmaxy j,argmaxrs j, ..., arg maxrus ;]
J J J

SR IATRIMARIIIR T« HIIXLERT [ e Ah 42 :

Yehosen = [Y1,8(R)1» Y2,S(R)2> ++» YM,S(R)ar)

42 )5 Top-K &+

WA T prompt-gha i vk th A de i 19 KA, EFR N SO i 2k H 293k /] —
prompt N5, ARUEA R prompt (4E5%F 43 50n] i . 4Rk il BE i AF prompt 437 .
JekF R T4 )

Riptar = [0, 71,25 oy T1N 72,15 72,25 ey T2, N s ooy M1 TM,25 -3 M, N

Ryt KJEH M x N
S SGRFERREL Sre, WU Rprar IR KAZRT] -
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RLHF 32 Fii

5510 =

Sk (Rfiat) = argsort(Ryat)[— K ]

argsort i& [ FFFHEF RG], Bs K AR5 E.
SR RX BE R [ ] AN A R Y, BRI 3RS0 Al 4

b N

[0.7 0.3 0.5 0.2]
04 0.8 0.6 0.5
R= 109 03 04 0.7
02 0.5 0.8 06
0.5 0.4 0.3 0.6

ig prompt PRI, RIRATHR MR

[0.7 0.3 0.5 0.2]
04 08 0.6 0.5
R=109 03 04 0.7
0.2 0.5 0.8 0.6
0.5 04 0.3 0.6]

H argmax F¥%, kA prompt () fERM 2

S(R) = [argmax1; j fori e {1,...,5}]
J

S(R) =11,2,1,3,4]

HE

prompt 1: 4841 (0.7)
prompt 2: %42 (0.8)
prompt 3: %41 (0.9)
(0.8)
(0.6)

prompt 4: %4 3
prompt 5: %4 4

i, AR 5 Arhar
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5510 &

RV

[0.7

0.4
0.9
0.2

0.5

0.3
0.8
0.3
0.5
0.4

0.5
0.6
0.4
0.8
0.3

0.2]

0.5
0.7
0.6

0.6

Ryt =[0.7,0.3,0.5,0.2,0.4,0.8,0.6,0.5,0.9,0.3,0.4,0.7,0.2,0.5,0.8,0.6,0.5,0.4, 0.3, 0.6]

Bk 5 ARG (PRI 0 JT G, #5 BT o [l Ty ] Ak -

S5(Rfiat) = [0,11, 5,14, 8]

MR SRS 1] DR o

e 8 - prompt 3, #p4= 1 (0.9)
e 5— prompt 2, #p4= 2 (0.8)
14 - prompt 4, #p4= 3 (0.8)
0 —» prompt 1, #p4= 1 (0.7)
11 - prompt 3, 4= 4 (0.7)

RSB il
PATR Shgsded 0 T AR B

import numpy as np

x = np.random.randint (10, size=10)
print (£"{x=}")

sorted_indices = np.argsort(x)
x_sorted = x[sorted_indices]

print (f"{x_sorted=}")

# AR B —F 7 R
i_rev = np.zeros(10, dtype=int)
i_rev([sorted_indices] = np.arange(10)

np.allclose(x, x_sorted[i_rev])

# KERRAHNE _fh =R

np.allclose(x, x_sorted[np.argsort(sorted_indices)])
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10.1.3 i
Vethrbaz)n, BRI 24 B AT AR R 18 - B . S A0 S5 S IR E Y

10.1.4 4A¥5ikER
TRAERAFER R AR L BAT AR D, (R SR 5 1 -

o RFESRL: IELURIE R B A B A4 o R CF 0 (W1 0.7~1.0), top-p BX top-k
e YRR

o g4~ prompt B Ab 2% BN E A prompt A2 jf 10~30 MEETF L b4, KDL
BN G 25 B M SR

o FRARLIIANYI - FELCRAENT BOWHE WO R G AR, T RE S W1 IG TR RIS A A

[l .
o LB AL M2 A kb4, T ARCUN MBI RF ISR . fe Sk v To g
.

o RIMBIINLE: KRNI B R R AROR . B2 NES IR EE .

F BT

o HLEMEI RS, WA KA, (R G, b padding, 2 mEREAL
=, 2R AR

10.2 #H3<: Best-of-N E#f

Best-of-N (BoN) RAEEHVE AN RLHF JiERgxf bR 2. 53R, BoN R Bl AIAR g, X
& FCRFERIS . UL, KF BoN 541 PPO SEAEL NG iEXTE, FERLE = MR G 3. filan,
A PALLAS BoN SRAE 5 HA SIS Y KL R 245 .

XA~ prompt, BoN SREE T PHFMERE 1A E W
B R M HL prompt 1) N ANk 2 1) & -

R = [Tl,TQ,...,’I”N] (101)
A} argmax J7 vk H e fERM 4 -
S(R) = argjrer[lla}])@] r; (10.2)

Top-K 77470 Top-1, WMAMT Fik k.
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FT—5 KBRBEEZE

ik RLHF 7635 2 BB AU TR, I R THMBEE (policy gradient) H#RIL2E: ]
Y. XS5 (41 PPO. GRPO. REINFORCE) AT AR HUAOREA EBE BT IR, R AR5
BE3 AL S SRR 230 T M X (replay buffer). A7 /AW B RE BRI SE A S, DA
S AIZEBI RLHF fE4RH 57 1

WHLERE 3D fR T , SR 01 2 RUHF SRR i Zesor 2 — . Rad, FIKZRUBAR AR
T, FURARUR BT E T4 A SR T

RLHF 7 I3 Ik F /e R0 . ChatGPT HH, K5 A A DR PPO, 145
W T A AL R SRl . 5ok, BTS2 1 REINFORCE JAUS B ARV Yy [129] [113],
L AR AT DRI GR S B I %, T2 A, R B GAE: BB TR BEa i, 4203
AT [ SR B AT RAE V4 5. ), 764710 Group Relative Policy Optimization (GRPO)
SRR, AEIIE M FAIIRES | (EL R R L R A T XL AT 5 R R O A, Ak
S5 BRI AHE A2, L J% PPO, GRPO Al REINFORCE = K%, AE MMM T
RLHF SCHRE L -

FRFFGESGHES I, “MBBE” F7.

1.1 REEEEE AR

SAL A ) A H AR R R RAIRAS s € S TIEhfE a € A Bl ERRSRATNEIE) (WL 3 = 5E
). BREMBI AR (return) ZXR—WZ] ¢ FARITHMREAZMA (v € [0,1) AFrulH T,
i R S it ) -

Gt = Rt+1 + ")/RH_Q +--= Z")/thJrkJrl. (111)
k=0
HAEE N -
Gt = 'YGt-i-l + Rt+1. (112)

Pt ] E SAERREL V (), BIFE 2 BPPRAEST AR 4R 30122 -

JITA SRS B B SRR F b, AT DA R SR 7 (al s) 5 IO (ELER &
4 do(s) AESHICRIIWIIARS A, W R H AR

J(O) = do(s)V™(s), (11.4)
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SRMEAR L BRI AR O TR Y W SRR T A B R S R A . A TR R T, SECE
BN
0« 0+ aVeJ(0) (11.5)

REAET WAT %462 . Schulman 2% (2015) X SR 2 Rt 5077 U801 2Rk (1301
PATRAAREG . v =1 HHWEFERSE (R ISR 0). A drmibg, HEEH
WEINZE A BE. A2t g = VeJ(9), HILE:

g= E[Z U, Vologmy(as:)|, (11.6)
t=0

TE bR TEIrdniE T, U, i

Do ret BENHIAY S 2

Sooepre BIE ap ZJERIRD (B return G).

oo e — b(s¢): 7 baseline FiRUAS

Q™ (st,ar): IRAS-BIEE PR

A (s, ap): R, 2NN 288, BRI ETE A AL b Z &K,
e+ V™ (si41) — V7 (sy): TD 5RZ=,

SRR N A

Baseline [ {E 2B ARIE SEHTH 22 (5 SCHER) .

XTI, AU TE AR MR 1, 45 VP (s) = Q4(s, u(s); P
BURAR BT DB ER A & max, Q. XFREPLIENE, H V7 (s) = Eqor(1s)@"(5,a), Z token BiiEr~
M ETE GRS s + a, HEIE R r(s,a), N:

A™(s,a) =r(s,a) +yV(s+a) — V7 (s) (11.7)

XA RIS AR AR S OHE . — BB, SR dk i E R X2 U S ik
ABHE M L5, B> TD Bede JO2 it

11.1.1 Vanilla Policy Gradient

R SRS LB N J(0) KT RIS UK T

T
VoJ(m9) = E- | Y Vologmo(als)Gy (11.8)
=0

S SR WA B R WL IR AR R T 22, Wl 2 Mo N . RO EE T baseline
SHEAG T TIH—4k . baseline 4B HR X FlFahERIMMEIATIH—1k (40 Advantage HJI
QMEHE Vi) . Hfii Hi) baseline & X Jih A IIEBIE ST . 5 45 RAESIME TG X PPIRAS
FAANUEREINE, A Eoor(1s)[Vologmo(als)] = 0; BRMERERETTZE, AR “E”.

FMBEAETHERE S, HIERB ST AR EUmZE, NEEEERX 4518

VP M BE SRR T 5 e iy FE X
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T

Vod(mp) = E, ZV@ log mg(at|se) A™ (s¢, at) (11.9)
t=0

SR o 2 S I AZ Do O R38R SR A

Vo log mo(als) = w (11.10)
F R 4
Vologz = %vgx (11.11)
AR JE B X T

11.1.2 REINFORCE

REINFORCE Sk Rl GRS 4R S , (BHAZCRBARXT B RL SO 2. HE L4
WS¢ Simple statistical gradient-following algorithms for connectionist reinforcement learning [131]:

% #h” REward Increment = Nonnegative Factor X Offset Reinforcement X Char-
acteristic Eligibility.”

HIVEEHT R A =800

1. B HE T 2R ().
2. Offset Reinforcement: baseline b 5 HAB X 5hIH—4bH T, FEFFaENE.
3. Characteristic Eligibility: 4§~ token fJIHJER, B A F# K policy Y log %K.

P, ST

Ay = ar —be (11.12)
MRS F) X return G, REINFORCE AR 4 :

T
Vo J(6) = IETNM[ZVQIOgWg(at | s) (Gy — b)), (11.13)
t=0
Hr Gy — b(se) &P AT MELET V™ (s) B, BERAMAE . idixfh
P A, AT
T

Vo J(0) = EMQ[EW log ma(ar | s¢) Ae (11.14)
t=0

REINFORCE /2 vanilla SEIHEEERRARSCIL, B SRR RI8 Al SRR .
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REINFORCE A] A FI{EM 2% (value network ) ; {H M5V T baseline, 7 ILi PPO actor-
critic LI FHNEM 255 GAE {5 #; PPO RO H bras 5 A5m 6l 5 O E M 4%, tHASEE
PRUEAE A TR o

REINFORCE Leave One Out (RLOO)

RLOO 5471 REINFORCE f#% 02X BI7ET: RLOO Jij | — prompt F 3k 5 5 42 0 211
SR i baseline, AN &4: batch ¥{H [132], [129], [133].

X ER AR prompt AE R EAEE , XFE RL fliE SR8 AR & L
HiAHL, RLOO baseline #1I'N (54> prompt RAf K KBS NE a1, ..., ax )

1
b(s,a) = —— R(s,a;), (11.15)
MUK -1 i:;#k
SRS -
A(s,ar) = R(s,ar) — b(s, a). (11.16)
WA R
K 1 &
Als,ap) = 77— (R(s,ak) ) ZR(s,ai)> . (11.17)
=1

XM AR 2 LS R, 5 GRPO el (GRPO JE3en4t) . U2 KL &3
S REGTH AL EA . RLOO ¥ thn] 5 PPO #Bh4licy, UM RAM EARR .

RLOO #FLFEM KR FIL, KRNI (S35h) 72is 7o H4E1 token, 1 PPO
SFMEMZRE, W% token BUMUMACHE, HRTIRA R T B, 4 KL ZETiH,
RLOO Hf A~ 4h 4K A, PPO S NIXT4E A~ token BRAMTTHH M H 41k (GRPO WM ILS n
B o XL AIAUARIFAE 5 SCHEE

11.1.3 Proximal Policy Optimization (PPO)

PPO [134] 2 RL RN E A 5352 — (40 OpenAl ff) DOTA 5 [135]%) . HAFAHA
MR R ARSI (B B AR R (MR R IR ) -

. F@(at‘st)
p(6) = Told (at|st)’

l(p,A) = min{pA,clip(p,1 —¢,1 +¢)A},
Ji(0) = €(p:(0), Ay).

T E B R token TTRLZRMRREL . P PIMRR EAR ST SRR, {HIZ token %
B A T 0B A P MR LU — 5T . SEBnse B bl ) log %, T AL

(11.18)
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|a|

T0) = 105 > n(0). ). (11.19)
t=1

XA PPO (1% token JiiAs, il il T HAMSRIHR T IA , Ja SCEIE > SRS . Ho
o] ARSI, ESUE SR B (L[136]).

PPO [ OAET “Hems

~ mp(als)
©) = UCIEY

HME LRSI SHOER, B, A batch B, SKIEILEHR 1 (EHE batch
14 AR LT ) o ANSREIS BRI 1 ARSI, LR s S T sh 1, SR Z AR
ENGIT 27 N PN U P ST W I

(11.20)

o [BFMIE, HHET 1+, BRI N (1+¢)A.
o MLHMIE, HHI/NT 1—e, NI R(O)A.
o h# R, HIEATE R(O) <1 —c i, HAFER (1-¢)A.

R R AU H ARAE RS 0 07 1) B R, HARSHCE R KL gt ved . 24
BT ARPIGI, IS AR F i BRI H A — 2k

11.1.4 Group Relative Policy Optimization (GRPO)

GRPO i 5 H #ATE DeepSeekMath [137], 4 DeepSeek-V3 [138]. DeepSeek-R1 139|455
kM. GRPO ;& PPO XUt HAEfA I [R]— A8~ 24 B 20 2 b e i 2 N 264k, B Sz I 251
W E M B A A] AR B TH SRR AN T KL IE N 2% 510 . X REA AN AL

L abEf ) LM T2 ) (R B R (e s B i R )
2. WA, THRE S ERRRGE.

LR INE T, GRPO X} [i]— prompt SRAFEZAMIE . A 1E P ERY token JE523% ml Zr 1)
P, RIE 2 Pl AN
GRPO H#RpE%S PPO M. XF—18 s i G ANEE {ar,....ac}, FERILHBRRA:

JO) =5 Z J;(6), (11.21)

A e FF A% token ik -
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We(az‘,t\si,t)

it(0) = ,
pitl0) Told (@i t]Si )
|a|
1
LMm:kHEZV%A@A“) (11.22)
=1

— 8Dk, (7?9('|82‘,t) ”7Tref('|81¥t))} )

GRPO 5 PPO (i X HIHET, GRPO e s IRF KL Hg Ea s i ki vh . L1
N (enum > 0 RZEMEFRETT, 5 PPO MEEY HEAIR ) :

- ri—mean(ry,...,7q)
" ostd(ry,...,7q) + €num

HM L, GRPO ZAEF—HBN R EZANER, MEESFRIEMER. EEHREE. X
LB B B, 1646 RLHF KAt R 5. 5 PPO. REINFORCE 45 H: T il B4 F ] 4
(%) RLHF fHLt, GRPO 7 ] # £ 4 prompt KA, BFGHEEFEE LT

ZH N AR IE 25 1 — b 2 AR R ] ) L AR RA EE (136 ] 24—2H 32 i 5E AR R (Ban — oo~
X)) B, TR 05 A EEmEET S, IrAREY N 0, RarsAEm KM E. friEER
/MBAESERS, H—L T EE 225 5. Dr. GRPO £ T 33X — i Z 4k .

112358 I T4 R IR (ks R R ol mT g6 UES2 i) | R B SR AN SE P, LI,
GRPO i35k J5 SR B IH— 1k 22 b 2 il

GRPO W # it ANty PPO #55, E#% AT vanilla 5886 (41 REINFORCE), {HiX
AL 5LPs L, GRPO [¥) Dr. GRPO A:{k [136 | 4 #4ki1T5 RLOO (2= — 4l A 1

(11.23)

G
- 1
A; =r; —mean(ry,ra, - ,rg) =1 — I ;Tj (11.24)
il RLOO {455 -
1 G
RLOO _ .. _ .
A0 =1 — Z i (11.25)
J=Li#j

(11.26)
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112 XHASH

SHRIGE RL SCRRATEL, T i 5 B S R g RLHF SEBUA 2 A fRdtmt. AT 2
PN Ik

o (M wIlGIL: PPO ZE55E A0 X 25 mT F ) 25 #a HA AT 2w B W LA SRR 3Rk, X1 RE 2 i
Ko

o Whh/MMAHLS Atk FbEFE R ESEBRARIEZE, IEZ R 0. HELHN 1;
BAREE [0,1]. M5, 44 =NAr 2500 THE 20 e 7R T 2 A .

o KL fiilhiX: BAEFHAN KL KT EME, & Ml [117].

o KL £sifilge: H PPO sLPiA4 h7s KL ikl #e , Bift RLHF £ i #%75 KL &5, (B nf s,

SR S [140], BRI [141].

11.2.1  SRERISE EAHsc
— RIS AR BE S BN, UL S R B TR, A JR %k PPO/GRPO S RIAMUME % -

pg_loss = -advantages * ratio

ratio T IHRISARR A HLAE (log MRFRZERIHELLD) -
HEZ A, 7% A batch HIgTEOL. FN1A BEAEL, #HIGE).

o HM 1: RFHNIE, VIHZBENRTIAEE, Wiktk. BLh) loss K, HiFISHRTFZL token
o [HML 2: ¥Rt ULHAENES THAIEE. KA loss SIE, BB AGi% token Af# .
o [HM 3: EPHHNE, ANEH, loss hHE.

1122 HERS

SCPRSEBUN, CHRIAE AT KL BB AR R I TR, SR [ (eI Ry K

AT EEER A token 24 MDP 2. #R5e B S A1 bandit 24, Iy [a]— [ 4k i—A
L% {H45 token Y log At . MR LSV EEAT] . MDP 5 bandit B X HIET S/EHLR
SHRGIRRL, AREOURZ R AN R A o

R I T AL, batch K/l B, JFHIKE N L:

advantages # [B, 1]
per_token_probability_ratios # [B, L]
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Jf] pg_loss = -advantages * ratio HJAJHLEITHE L., XFEE M HMNERITE token L= [H]—
¥ (outcome reward 3j35%), DA% token HIMERLL .
PHEM %, loss T hZERE K., outcome reward B}, %4 token f[f], token Af% 2%

TS .
GRPO #1 PPO %435 | loss i 3 % %M token sRF:

sequence_loss = ((per_token_loss * completion_mask).sum(dim=1) / \

completion_mask.sum(dim=1)) .mean()
XEMLT masked_mean . W Xf4F token Fh-F-1:

token_loss = ((per_token_loss * completion_mask).sum() / \

completion_mask.sum())

WL, PP, OAFRNTRER 22 R, AR R token, (HIX ST RIS
2z, 2500, MAKEAFEKTI, BHD 58 a1 1 a_2:

seq_1_advs = [a_1, a_1, a_1, a_1, a_1] # 5 tokens
seq_2_advs = [a_2, a_2, a_2, a_2, a_2, a_2, a_2, a_2, a_2, a_2] # 10 tokens

iR token YLEMHNIE, ZHMEG, loss WHEN:

seq_1_losses = [1, 1, 1, 1, 10] # 5 tokens
seq_2_losses = [1, 1, 1, 1, 1, 1, 1, 1, 1, 10] # 10 tokens

AR

seq_1_loss = 2.8
seq_2_loss = 1.9

AN PTA token P, WIS (14 +19)/(5 + 10) = 2.2; ek 55 5P X P2 P51
¥g, Wy (2.8 +1.9)/2 =235, HIFFIZREKR, loss ZHAHEHE,
FSEREAY BT LT IR, R TPIAREAS (REEAIR]) F =7l loss K&
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from typing import Optional

import torch

def masked_mean(values: torch.Tensor, mask: torch.Tensor, axis: Optional[int] = None) -> torch.Tensor:

if axis is not None:
return (values * mask).sum(axis=axis) / mask.sum(axis=axis)
else:

return (values * mask).sum() / mask.sum()

def masked_sum(
values: torch.Tensor,
mask: torch.Tensor,
axis: Optional[int] = None,
constant_normalizer: float = 1.0,
) -> torch.Tensor:
if axis is not None:
return (values * mask).sum(axis=axis) / constant_normalizer
else:

return (values * mask).sum() / constant_normalizer

ratio = torch.tensor ([
[t., 1,1, 1,1, 1, 1,71,
[1, 1, 1, 1, 1, 1, 1,7,

1, requires_grad=True)

advs = torch.tensor ([
[2, 2, 2, 2, 2, 2, 2,1,
[2, 2, 2, 2, 2, 2, 2,],
D

masks = torch.tensor ([
[+, ¢, 1, 1, 0, 0, 0,1,
1, 1,1, 1, 1, 1, 1,1,
D

max_gen_len = 7

masked_mean_result = masked _mean(ratio * advs, masks, axis=1)

masked_mean_token_level = masked_mean(ratio * advs, masks, axis=None)

masked_sum_result = masked_sum(ratio * advs, masks, axis=1, constant_normalizer=max_gen_len)
print ("masked_mean", masked_mean_result)

print ("masked_sum", masked_sum_result)

print ("masked_mean_token_level", masked_mean_token_level)

masked_mean_result.mean() .backward()

print("ratio.grad", ratio.grad)

ratio.grad.zero_()

masked_sum_result.mean() .backward()
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print("ratio.grad", ratio.grad)

ratio.grad.zero_()

masked_mean_token_level.mean() .backward()

print("ratio.grad", ratio.grad)

" PAEF], GRPO BRIA LI (masked_mean) |, 45751 4F token #£)% ¥ K, Dr. GRPO #1 DAPO
WIS, iR HBRE BB, RPN TFiL 245k

F—MEE T (W[136]) 24 token ik I KF I EIH—1k, X &5 ARH batch [&]
FERE O

SEERM R, B BT BT 4 FIHE £ 24 ) 1% . RLHF e, BUE R E R &
2=/ N B2 R

11.2.3 PPO IR

PPO G LRI, LB ATEWTN . [HRBHIT B MR, HAZ M.

W, XS R (8UH log M%) 5 RFEIT IS4, A& /2 reference policy . reference
policy AT KL £ .

THEAURRRZ, R CTEREEN B IBOET M S KL S EEITE T GAE
5k Hbr. Frf token 5KEYIN [Bx, L1, H7&[HE 2 D& — DA% token; old_logps.
gae_advantages., returns T{E;ﬂf m.ﬁﬁ{%ﬁe [EIXHE °

import torch

mask = completion_mask.to(new_per_token_logps.dtype)
advantages = gae_advantages.detach() # [BxG, L], 1 Z P unsqueeze
returns = returns.detach() # GAE + old_values =it i Fy [E 4} H 47

old_logps = per_token_logps.detach()

# R A K E A token HEMBLRITE

valid = advantages[completion_mask.bool()]

advantages = (advantages - valid.mean()) / (
valid.std(correction=0) + 1e-8

)

ratio = torch.exp(new_per_token_logps - old_logps)

eps = self.cliprange

pg_lossesl = -advantages * ratio

pg_losses2 = -advantages * torch.clamp(ratio, 1.0 - eps, 1.0 + eps)

pg_loss_max = torch.maximum(pg_lossesl, pg_losses2)

# values & UM PME M & TN, EARZER, FREFHELE
vf_loss = 0.5 * (returns - values).square()
per_token_loss = pg_loss_max + self.vf_coef * vf_loss

loss = ((per_token_loss * mask).sum(1) / mask.sum(1)).mean()
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with torch.no_grad():
clip_frac = ((pg_losses2 > pg_lossesl) * mask).sum() / mask.sum()
# 5 R Ke WA KL; KRR T 454 Ko kL EN R
log_ratio = new_per_token_logps - old_logps
approx_kl = (0.5 * log_ratio.square() * mask).sum() / mask.sum()

value_loss = (vf_loss * mask).sum() / mask.sum()

PPO HAZ G AET USRS B BE B 25 . RTEX =47

pg_lossesl = -advantages * ratio # Shape: (B*G, L)
pg_losses2 = -advantages * torch.clamp(ratio, 1.0 - eps, 1.0 + eps) # Shape: (B*G, L)
pg_loss_max = torch.max(pg_lossesl, pg_losses2) # Shape: (B*G, L)

pg_lossest Bl vanilla fE#HmEAR L, PPO fEBLEA BRI, (HE b KA E Tk,

RAEEITH) R ratio, A2 logratio, BIHLLAHRI JAMH] FB 7 KA Mg 5%, (HA
PAUESHEE K s KL BB B L i L RR .

R BB RO, W DR S DR AT 01 K SR
PPO TE27 A {E R B ] I EAT o et BARTEAR %, (X RSUEHIIZOER.

PPO/GRPO FuBBERE (Jo#kyy) itk
#7 PPO (2 GRPO) A AM— R Hr, R RIRfRIfL . JE) mo = 70, AT
WA ([v Fmfe b b) -

el Z ( mo{as]s) A‘ - 5DKL(7T9H7Fref)> : (11.27)

7'['9 az|

SRS 2 W 6 ORI B EE AR 2 4, DA e SR SR

11.2.4 GRPO sc3;RHI

DeepSeekMath it LI/ T GRPO 5 PPO szl 2 % [137]. 1, GRPO ¥t KL &5 &
FmBER LS, M PPO ZAER i KL, @5 KL g g4~ token BUMITHEL, HEFLIZRIT
A~ prompt SRFEELZ KN, 4 batch 524> prompt, X BT J5H7% token KL J2IRA [BxG, LI,

Hrb ¢ 28A> prompt (Y [EEEL

ik, D CRS T :

# B: Batch Size, L: Sequence Length, G: Number of Generations
# rewards: (B*G,), prompt-major HH, F— prompt G /j\%ﬁﬁfg
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11 &

# Bk 6> 1; THEABEITES
mean_grouped_rewards = rewards.view(-1, self.num_generations) .mean(dim=1)

std_grouped_rewards = rewards.view(-1, self.num_generations).std(dim=1, correction=0)

# Normalize the rewards to compute the advantages
mean_grouped_rewards = mean_grouped_rewards.repeat_interleave(self.num_generations, dim=0)
std_grouped_rewards = std_grouped_rewards.repeat_interleave(self.num_generations, dim=0)

# Shape: (Bx*G,)

# Compute advantages
advantages = (rewards - mean_grouped_rewards) / (std_grouped_rewards + le-4)
advantages = advantages.unsqueeze (1)

# Shape: (B*G, 1)

# Compute probability ratio between new and old policies

ratio = torch.exp(new_per_token_logps - per_token_logps.detach()) # Shape: (B*G, L)

# PP0 clipping objective

eps = self.cliprange # e.g. 0.2

pg_lossesl = -advantages * ratio # Shape: (B*G, L)

pg_losses2 = -advantages * torch.clamp(ratio, 1.0 - eps, 1.0 + eps) # Shape: (B*G, L)
pg_loss_max = torch.max(pg_lossesl, pg_losses2) # Shape: (B*G, L)

# important to GRPO -- PPO applies this in reward traditionally
# Combine with KL penalty
per_token_loss = pg_loss_max + self.beta * per_token_kl # Shape: (B*G, L)

# Apply completion mask and compute final loss
loss = ((per_token_loss * completion_mask).sum(dim=1) / completion_mask.sum(dim=1)) .mean()

# Scalar

# Compute core metric for logging (KL, reward, etc. also logged)
with torch.no_grad():
# Compute clipping fraction

clip_frac = ((pg_losses2 > pg_lossesl).float() * completion_mask).sum() / completion_mask.sum()

# Compute approximate KL
log_ratio = new_per_token_logps - per_token_logps.detach()

approx_kl = (0.5 * log_ratio.square() * completion_mask).sum() / completion_mask.sum()

B2 fRER L e PPO #543.

RLOO vs. GRPO

RLOO W #5HFr-5 GRPO R Mz, 8 PHEAEA T ERAI I . RLOO B AR T

(] R R N AR 2 . ETRIACRD (S TRL 52 -
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https://github.com/huggingface/trl/blob/bfe20756082488350091352d1cdc19c172e42cd8/trl/trainer/rloo_trainer.py#L433

RLHF 150 511 1

# ﬁtﬁl\% generation-major ﬁ}E@J %%W&k%# N /[\ prompt

# %ﬁj)\% prompt-major, E L reshape(N, k).T, FeeHEEH
# rloo_k —-> 4 prompt 4%, L > 1

# rlhf_reward ——> FTH AW ER, KE B=Nxk

rlhf_reward = rlhf_reward.reshape(rloo_k, -1) #

# Wk: &, W), FF| j A prompt j B k MK

baseline = (rlhf_reward.sum(0) - rlhf_reward) / (rloo_k - 1)
# baseline --> leave-one-out % ¥ J5, Flk: k, N)

# baselinel[i, j] & prompt j B i ANEEAR B S 25 X R

advantages = rlhf_reward - baseline

# advantages --> [FE]%TFZ%

advantages = advantages.flatten() # fif(ﬁﬁﬁé tensor %/H(
oA ST 5 A SR AR B VA

1.3 #IEIE
SN R B St RLHE AR, AT S A (130

11.3.1 " Ui fhit (GAE)

] AR BMETT (Generalized Advantage Estimation, GAE) J&—Fh-F- i s 22- 7 22 AU o I 3
TR [130] . BAERT B A TTHE 5 28 A%, (HEAE(E R ?&Jﬁ“lﬁﬁ(ﬁﬁﬁf % IS
FERISATE R ZRE, AUNMKIEOR G B 24E (HIEZ LR . GAE B85 &2 541
TR B0~ 1- 25 AR A X — AU

n B FETRE AR (I P20 %kE)

Tt + ’)/V(St+1) — V(St), n =

A _ e+ 71 + 2V (se2) — V(se), n=2
t T Y.

\ZZ;(I) Voree + 9"V (st4n) — V(se), —HEH

Horrs -y MPTIAT - V(s) AREMEREL: 60 = re + 9V (si41) — Vi(se) o TD 5RZE - AR
] E 7 S P 2 AWK, & RS HHE 05 (XK IR BIReEbTIN, 21 B 28T A 55 &
SCAEPR - Fp ARkl 5 A TE R T A LB -1

[e.e]
AGAEC)
o =Y (V) G
1=0
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FEBAFF S (Direct Alignment Algorithms, DAAs) ftiAf11: 675 V142 Ll
sEfb2E ST AR G LT, EEULL RLHF HAR. Hs B AFRME . IR ARFRIEIEEM,
& H WAL (Direct Preference Optimization, DPO) [19]. DPO ¥ KL 1E NIk 32 il KAk i)
A ) e USRS 6 R AR A AL, 153 T B 2R 1) o i R« SEBm il Zrme/ MU w4 2%
FHEARUEA BRECEFI A R AL 3R N iR 2 R HAnm & /i ft. | 2023 48 5 H &fPAK, it
PR S5 QU REIMIAR: T %) MR, DPO KHAZ R 1z T R, 4o
Zephyr-3 (2023 410 A) [20]. Llama 3 Instruct [23]. Tilu2 [21]. Tilu 3 [6]. Nemotron 4
340B [24]% . 4%k, Sequence Likelihood Calibration (SLiC-HF) [142] 8 F42H | (HRA %L
PERE A R R IZ R

DPO Fl DAAs B EE L, MR T ES A S G HoR T HE

12.1 BHERBF{t (Direct Preference Optimization, DPO)

AR ELERE DPO HyJRE, FR S HAZ LA

12.1.1 DPO HJ/RIE

DPO i _F g A SRS LASK % RLHF AAR. HA5K pR B i e log MRS A BN K 45
Bradley-Terry JJiliA 2R fff 5 HH 451 5% R BN T -

7o (ye|) o mo(yr| )

hg(l‘, Ye, y?‘) = log

Tref (Ye|2) Tref(Yr|7)’ (12.1)
EDPO = _E(x,yc,yr)N’D [log U(,Bhg (1’, Ye, yT))] :
% B 3] DPO 1 e 2 )il -
r(z,y) = Blog mo(y | z) (12.2)
Wref(y | li)

XAk H Bradley-Terry A4 R i i sk (MaX 12.8) o X2 IG5 55 5
1) log MER LSRRI, A2 — R, Se BRIk nl A& (UK prompt [ HI94 55
Blog Z(x)s BRIIAE O 2R il 2 H KT o

WEE 121 ik, AL H b ik A2 log LR R THEAERSE (H— b SE /A .
SeFrr, XU RAERRE T token [P log 4 KAT. L, DPO SEf L 24Ehi KikH 5
AR SRR A 22

A 71220098, FATATAS BRI, Ut PRI -
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VoLppo = —BEp |:O—(r9<$7yT) —79(2, Ye))
(12.3)
- (Vo log mo(yelz) — Vo 1og7r9(yr\x))]

JERUIREY (i3I

o o) HIYEE—ITT, NSHCEHMKT 0 2 1 RRCE, MRl (BIEREAEI) .
HHR,

o WHEBES [ THRTFE I ye AIMER, FRREdERI v B,

o B ¥EHILL RS KL B A1 .

oL E 2, DPO “Rala T — P REEEAL, HX R IERIE T AT 5" (H TR

EIHFIML TR ). DPO #isE B EHRME S F—MESBR RN 2 T RS 240t
AR S ML NGRS A RL DAL s o

1 Bradley-Terry fitf-ist . MG IIBEILIRRE 1 5 A AL 5514, ATAE X — 240k
AP A S KL IENE B AR RS . SRNGRCR 2803 5. B e i
L. SR RIS RL 5 IR IHE T, DPO AR AN BIELN, M2 BLkny, Fitk 8 35
7, AR A T H AR 5 8

XtEEAt g i i, DPO ELET B Le i S5 0 SRR, 45 2 1 I RIEER P i AEZK rollout
Ao E

12.1.2 DPO AX#ES

DPO #S4r Wiz 1. #5 RLHF HiRP M RMIE; 2. i Bradley-Terry B2 S 4nfay A
(LSRG INER Y

1. RLHF i e

XF T E R . B> 0 M5k, FEH SRR 2%

" =arg max J(m),
J(7) = Eonp [Eyr( o) (€, y) — BDkL(T(:|2) [ mre(-])) ] -

JEIT KL, I AR AL —1/8, S Rnie M. X MG LRSS, A2
I s R R K £

(12.4)

) . m(ylz)  r(z,y)
= argrrbrlnIEmNnyNﬂ(,m [Iog et W) T3 . (12.5)

TE SUH FRIVEC 4 B %L (partition function) :

Z(x) =) metlylz) exp(r(z,y)/5). (12.6)
y
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Wscore 55 70 85 100 115 130 145

imgflip.com

121 DPO fdjj AT, #iff Tom Goldstein.
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2 q(ylz) = Teet(ylx) exp(r(z,y)/8)/ Z(x), M-

m" = argminE;p [Dir(7(2)[lg(-[2)) —log Z(x)] . (127)

2(2) ST TES. | KL AE0lE, URMAET o LM, it
™ (yle) = Z(lx)mefw) exp(r(z,)/5). (12.8)

2. Bradley-Terry %! F1¥) DPO H#x
[l e 7 TR Al E LS 5 6 FEim T4y, Bradley-Terry il :

. _ exp (r*(z,y1))
P (yr =y | w) = exp (1 (z, y1)) + exp (7 (@, 1)) (12.9)

XF 128 EHAUA, 15 DPO i :

m™(y | )
71Href(y ‘ :L‘)

r*(z,y) = Blog + Blog Z(x) (12.10)

fOA Bradley-Terry 2450, L1515

Pl -wlo)=c <B log 7:rref((yl/11‘IQ;)) - flog gef((y?i'\g;))) (210
iXIE 2 DPO [k ik (WX 12.1).
3. Bradley-Terry DPO ki k5
DPO BN 12307~ , #ERAnF -
VGEDPO = —ED [V@ log J(Bhg)] . (12.12)
FIH sigmoid Fl log KSR SMERR, Al4b A :
VoLpro = —BEp [o(—Bhe)Vehe], (12.13)

Vohg = Vglog mg(yc|z) — Vo logme(yr|x).

122 #HfER—E. BRSESF

DPO FkC B Z MR, SAef i mR. Biin, DPO e AP oL T, *f
R RO T [ S A, 200 T S AR R ik, AR SRIASS IR AT AL H

o REBEL: I B/ Ak 5 45dE [l 2 2 [A] Y margin, $27F RLHF [A) @R R HER
P [119],
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o f&<F DPO (cDPO) i fikFRAt (IPO) : cDPO JiIFFZT- AbHif e fhilp e [19];
TPO 73R AL o R ARSI, 3 60 1P 51 AUskeMi log HESREL, DAZBAR
S R R 2 [143].

o #ifiifENy DPO (ODPO): sk 5l 1Y likelihood 22 Rk F-HABI(E, AT
A [144].

A S AT U B A 2R eR BN AL AR T2 ) £ 5 B

e ORPO (Odds Ratio Policy Optimization): -3 7 [0] &2 1) 1 X Ll Sk 5 BT odds ratio )
Tt ke &, MEHREAZ R, TTHRSHRA [145].

e SimPO (Simple Preference Optimization): PAK EIH—f{bi[ul 25 log MEFA1E R B 2,
BRI TTHSHHM [146].

DPO Margin (Higher is better)
Response Log-probabilities

REJECTED

S
S

Training Steps Training Steps

Pl112.2 DPO ity “fifs” MEURE.

DPO [AJ—AN5E M - 4k H AU SO hoRae v S da [l iR i e b . (i b, 7T
PP EAMERES T BAERIE TR 20 (LR 12.2) o XXHZALR 52 A BRE, A IF5E
A ARTERYCE ST AR [147] [148]. 1 Cal-DPO [149]. AlphaPO [150] 4577 YAl 1t
TAREACA I AR B B TR 2 fE X A I & F RS o S Prsg e iR BB, (HIX AT BB @R RL AT
DPO R Az —.

A —~ DPO 26 ¥R FRRAETAELE RLHF 2R, B HAISE S5k A H AR 1
A, FEZZZ KGN Online DPO [151], Bi45 & R hBIAL AR LAY B A ik 1) Discriminator-
Guided DPO (D2PO) [152], it SEhl2E Sopisb e 5| AMIFEYS, S 7iX R,

A% DAA 28k, 1 Direct Nash Optimization (DNO) [153]., Binary Classifier Opti-
mization (BCO) [154]4%, {HH AiHAEPEEA U AR A EdR E 2L [6] [155] [156].
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123 ZPEEEW

DAA 41 DPO 1) 52 817 305 SR B AL A A R KA [l . DPO 51k s AR S AR SE B4R [19]:

import torch.nn.functional as F

# logps AT E % token KFuH 77| log ME; SEEARFFHKLE
pi_logratios = policy_chosen_logps - policy_rejected_logps

ref_logratios = reference_chosen_logps - reference_rejected_logps
logits = pi_logratios - ref_logratios # B h_{\pi_\theta} {y_w,y_1}
losses = -F.logsigmoid(beta * logits)

chosen_rewards = beta * (policy_chosen_logps - reference_chosen_logps).detach()

rejected_rewards = beta * (policy_rejected_logps - reference_rejected_logps).detach()

XA A TAREE SR AL GE (AFm— 2B 8a).
XA AR, MERTE T R AR, (A SR R

L. BAREIIER) KL Bigg: 8ok HIENME AL, H1E DPO ik il log AR . 5ihr KL ik
NGRS 2213 NGP RGP, Aheh 8 B, AR — PB4
SRttt e E I PPN S B A1 A M I R SR

2. ZBA7 log Wi fRiBASCEIH, policy I reference M7 [l It [ HfERE, 7 (EHMISiT4E, HS
MERAHHAERING . PCRSIT RS HHA log %, WIAGNEZAER, BEBREATRK.

12.4 DAA 5RL: & 5B4&IE

ABTFREE : AVe T R T RN FRILE] (CAE K%, SRR RESE) RSP RLHF X
IR, THESANBER, KT EE R A T I RER L

Z I, BT RSB A RL B 75 3AAEVERE_EALT DPO S AR IR . T S5 i ad 2 il
Bn . BIAM NSRRI [157] [158], sifF5E RL EALPERR A on-policy ZurIfEM] [159], #Ri.
71~ DPO Wgith—%

SN, DAA PUHSRERPEAE TR P2 . DAA Syl ZRgiodn Fise B iy phigt ik A
BETRRBER, TR EAAAR Y TS, Pt DPO FESE R PRIAARA A -

W% PA RL y ERGHEBBIRDGE , ARG EZHGT0IH RL iR, XRHR T RL B
BT, FHut—2h0T DAA 5 RLHF fEZR AL PERE 220
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FT=8 HXZEA5ARK

BT AL RBH38E#>] (RL from Al Feedback, RLAIF) 2 &EH ZRARKR, BT
FIHT AT A2 a5 R 8, A3 O R i85 [160] [161] [162]. RJH RLAIF siflA R 2 -
A PATE R BN B N TSt IR SRR, MEE 3] AT Rt N TARE R B
ARPPRTARSHMEE . KB, B . N TEZSREEOR, AREIR—a A AR
i A XA 2E i B 2 H AR N L2 5 RLHF 25, 7887w S 8dE T 1. B
T, AL S N RBHEMRE BN FRU , X 2828 RAOMTERFSEWFIE o FEBCREIS PRI
b, AT RS ERARERI S NSRBI AR Y, (BAE NSRBI 2 15 AE LB A SE B i BOR AL 25
(nfaillgh) RS sonTEb:, Bl eaEie.

RLAIF —idlfz - H Anthropic ¥£ Constitutional Al: Harmlessness from Al Feedback [18|#¢H ,
X—TAERAILE ATHEA XA R 277 T —28E . H CAI (Constitutional Al) 830k
fii. RLAIF IE 3R )5, RLAIF B 808 J5 U148 RLHF SCik o i BRAA 5 i ——SE bR BB gt
freeE . FILAREN, CAILE5| % RLAIF $las & i & .

KTNIHAGS ALRBEARR ], A — 2Rk

Lo NFbpi: 12 [A) AT REAFAE R R 755
2. [HE ATECHIR & T REE — 2k, (HlL ] REH I H RS 2 .

XH R RIS, AR i i 2e-J7 22 e B NIAnidE et R 2e, ARl fg
AR E L

WE AR SCRM, AL 8l nT7E RLHF GR0RE 8 AN TSI PATAR 35 1) PR 20 %
[163], {EAR Mz AS RLHF & Tl A e s gy 70 B

13.1 ;% Al (Constitutional Al, CAl)

JEik AL (CAI) J& Anthropic 1t Claude RINEIRL P2 W . fe KRB ] A i
4T RLHF Y1125 735 CAT 204 A & Ui v -

L R RO B AT HOA], e (A0 “EREEER S CERERELT) . B
BRI IS, SRS SE R AP A B S A R AN WHME I, B2 X 2R R R

2. FIURESIAY, MR TEE A BEUS AT — b A S, AT A SO i S 5t (248
TR R ) . 25, RLHF jife A X 28 & i b ol ae i I12%, duf2 RLAIF /)
Hi5k

CAT §e 2y NI~ Fh—— AU EOR , S SRy v e 32 A TR 2 g
WO £ O A B
CAT AR ALHIA AT T
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Anthropic i —& AN THEREN (constitution) , H LLM A= i Tl 1) AT {41 4%
P 5388 E: A RTEAN BT A [R]— B8 R R W OR R sl 2 o (18], — 1 %E¥: C 247
TARAEEWREA, TR B SR f8 8RR E: RERFEEE TR
JEW ¢; € C, iLAEAUARYE o BT HaHi i o' AE N 5% prompt o, fc&458]— R 545 14
{0yt sy}, BRI AN . S AR 2 prompt @ R4 M v7.

PSR B RT3 I C 10 A R BBEER 1 F 3, %% prompt o, —4LII
{Coremen) FIFAHNE you 31 (5FBIARIEN A, B, % [ 5U0 RUHE SR8 | Lk SRR H G
A/BYRANTELT, HAGHAMRAANE R S B g Y SR A

13.2 & LLM #HFEE

fi# RLAIF fl “LLM ##)” (LLM-as-a-judge) M K, HoRBE A Xy AT A%
R — BB B R RN, 25 TE7 e, A T 2 8% HPEHIEEL, 40 Shepherd
[164]. CriticLLM [165], PAKJHTVPEREPEMIAY) Auto-] [166]. Prometheus [94], Prometheus 2
[167]. Prometheus-Vision [168 |4, {HiX AL v RAE F I ZRIRAE ) 2R

13.3 JEfRiEIE

KT AL MRS MRS, (HH e ik I Ae 2 25 it RLHF FUs I 2R nkeiy
DIPTSR X BB — L {EAT SR 7 i)

e OpenAl %1 T Model Spec [79], WI#fiFH] TAE R FUINAT R, HRFRIBEA H#ES %1%
CREHEATRFE (25 CAT L) . OpenAl i f] Deliberative Alignment [169 |illlZk o1 454
PECAL, [ HAESH L as TN BOR T H X 57 .

o Anthropic FFLEAEBALYIZR R CAT, AW Claude 178 [170], FHBFFE ARESEAE
QRIS ST 8 J ) S HOWP R A o R 5 [171 ]

o FRPEAL X MAE SR CAL M T HREEIRE [172], PAKIER LLM [RDREE AR [173].

o ATHFSE A I NSRSl i d7 ik S B S AR AR 3, [ 174 R A 2 s R S (H
T Dromedary #iZ4)1145 [175]), [36] B 02T RLHF j8 o N TR i Em Pk .

67
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1£ 2016 4 NeurIPS K£x I+, Yann LeCun pgiR#E-H T A “EAELLIR " SRULBHEL LA
ARG g AR E

IR RE 2 —REERE, 2 SRR R TC B~ , SRS ERORERG A B~ i
HRE B R ka2 >] (RL),

ms, R ACKE S EA S INZAR R, XA C S A - AR B 2L
PR B B I T AR R (JUHJE M FLOPs JHFERE ), - IR UIZRAE S ERealii
BHE (SFT) MEMERE, IHRAUE Y EAEN 270 (456 RLHF Kikteas ), -1 “4i” sife>]
(RL) )& 2AE_E AR pE Bk .

ZIu KRR LA R R E R, (HXAERE RL HFE DB UIGREA; Y4 feR%
R [ 2R S R PP A o X RPN 25 2Bl % HEPREOR (reasoning models) i BLIT 24
XRBRZE S TARPNANGINGEAR, FHAET RS EH RL 125, BE5ET THER. gt
PGS T DR

DR I 2505 3 AT IE S i Ak 2% ) (Reinforcement Learning with Verifiable
Rewards, RLVR) [6], 5 RLHF JEFAL, (HIREIAINTEE, nTRAEEH — T mEc BRIE
2R aE, A5k 0,

OpenAl ol [ AFF/ 450 T i fbaf I XL /EH [47]; DeepSeek-R1 452 A fi 45 i BHff 7
AT ET AR [1839]. & AFFRUNZRAATAR T, Aredsitifoe e 0160 52 4 AH R i
RLVR . AR, A ATl AR Al 2 B A KSR A L se il . 3 B A% .02 4k
HHZ RL I X A8 o<, Al &R B ioAfm i e g B8 . HERRBIAY R
L, ARG sE RL YIGRAEBAL MR K .

KT XL NI HZRAL, W PAE FHX BT DeepSeek V3 0325 FIHAMERIAE Y DeepSeek
R1, X} “Write me a short poem about a goldfish” iX/MEKEI . DeepSeek V3 (][] 2 E#
Hig:

Goldfish Dreams

In a bowl of glass so clear and round, A tiny goldfish swims without a sound. With
scales that gleam like sunlight’ s kiss, He drifts along in watery bliss.

A flick of fin, a flash so bright, Chasing bubbles in the light. Does he dream of oceans
wide? Or is his little world enough—his pride?

1M DeepSeek R1 MIFE4R[A]. B EMRE “B%E” token, HIKIE SR )G EAHK:

<thinking> §FH, M PREE T X TEEOERF. LT R — LS mAH KA
% GEEHERGTE, W07 BTNFEHGAT, L Rmmhir 5 ok
ElEélfj‘{” .
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Verifiable

Reward £
. {’)’ if correct

0 otherwise

0i11 = 6 + OzVQJ(‘ITg)

Kl 141 RLVR {9 RL SR AEFR S 2 o AL A B8 bR KR A R 2 A 2

TR, BEEEMNEE. ENEEhRTE, WA W8 “fie” 5, sgnl e
R LB KR

F5 R fa JH B PR . BYESRE K S A TNIRIRCR , "TPA “BHYESEsh" “ Ui
e ORFNS o L/ R EE I A AR R

U MR AT /MRS B B L, SRS T, B/NAIERE.
ZERE T DAY AR B BR A AR R ZEORFF I, tRVFDUATIRY . K — %A
TR, BRI EE S . 4T, JTIRPHEIL. </thinking>

Gilded Dreams in Liquid Glass

A gilded bowl, a crystal globe, Where tiny tides in silence flow—A flash of orange, a
whispered robe, You dart through sunlit indigo.

Your world is small, yet boundless too—Each pebble, castle, weed unfurled. The sur-

face bends the sky to blue, And ripples spin your liquid world.

You glide through myths we’ 1l never know, A silent monarch, veiled in mist. Do

dreams drift where the bubbles go? Or memories in amethyst?

We watch you trace your endless sphere—A universe within a tear.

<thinking> FR25 NI N A R A AL A AR 0 0TSSR IR0 AT, X IR B AT DA%
T token A4 5. BORAY_ LR SCH AN HUE M AN E R AHER R, (F A AR B A RAE
IEHATE, AR P HEBAT 55 B b 46 1F
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EAP N Ay Xadtz S At W — MR, SR PAT IR 6Er

L W2 EOREZ AR,

2. BRI, FHRIEAIN TR AR MU R RS AR B R Wt iS5
BT

3. MEZW, KV M.

o NBRIFISE, SRR AOMCE (ML A o AR R MR ) R
LTI PUECE 2 B, 004 AR, el SR BT R BB MR
SR I AR

BRI A B M 23 I PRS2, RL 57305 TE B2 A 077 B
%

141 bft4 RL RS "7

EEA TCRO AN “RLEE” [176], sGE3chst RL W B2 [177], (HiZaiEdi
FE TR RN S KIEE R R RL YIZREGE, ARR5E U — SR A )
TR, i

o RL it Pk mlsinf CAfi# g : RL 972 R W B Rt — Eoe fee . RIMAEM N : —
Rt ARG R GARGE . RN RN AR S SR 2 ) P loss J&FE . iS5
. a4, HORMZ MEIAUR HX A RL Y12 X, ARA MR ERIE. RL BEART
2 Dy S

o JFRTHU “F#”: HT RLVR KM X ANGEFBEHAN TACLEEF 5. i TRL
[41]. Open Instruct [6]. veRL [178], OpenRLHF [179]4%, X2t T HAR Z# R4 7 RLHF
AU feas . TR AW TR B, TitARENERI ST .

IR CA BT RE ) 5 RFE A RS R, 252 RL ACR; AREs 2024
AR R R AT SR AR S

14.2 RL l%k vs. BB

s 2E S IR T R 5 T IE SR EI, 5 WY (Inference-time Scaling) %
YOG, R R (lnmialnty ) 2280 R AELZE T, ART NS
. FHE DeepSeek R1 Fll OpenAl ol KA, XE B EME sy, WMES SRt [180].
FA FEALRFEAIZ S (18155, pbab, HEBRRIY IRl fTHRFAHEZ AT IG5, R
VR ki [93] [182],

RL Y2 R e ) “HER, BREkE, RIS/ EL RSB £ S
PR B . K RL Y Gk AR [0 5 A B £ token, I HAXRP AT 5 il RE 5
. X5 RLHF 24 1K w2 (9] (RPAZSm I ZREIVE F 2 Bl A K AR THA R ) T
ILEEHIRTEE .
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RL YGRS HORAY , "Rl V92 07 v m] 2 S THREREAIERR R R o 5k 28 A2
P, A THETIME, AR RS RORR R B R AT N 2R T A IMELR [183], 41E 2K
BRI [184] &5, SKHRE, RIS AN token B m BEAH K —— W FUZ IR SR RE R

14.3 SR(LRIARRE (EBHiEE)

TEVFZ U, RLVR ISR AR 08 sCE G & T 58 9 55 H AR—— R RE M AR A2
11« ARUERCE APLIEH R FSERBUR (W0 LoRA) + 846 IEHHiM . T & #5240k prompt
Fh 4, BLE S SHCE e 22 X kb4, TR RAEAE A R P R

SEACTHOR N B ST X . 20 7E MR E R 58, RET i -2 S th IR 58 . — ot
S AR AT S SO G ] — 4L, R EO R AR I Er . SO R SRS U530 7 i < %
Yl epoch A2 (A MR GHUERN HBUEELRI ., 2 S ME M E, A RE M E
MR B T4 . X P AR VT R Rt U IE AT, s RET “sifk” Jhfase nl
SEMIREST -

RL YIZAEE 5B P B 2 MABAEAWTD ™ K - ol il R1 SFBIA R B KFHF s &, K
1A 7 207 AR S BRI  R A e O E AT ik . DR A LA P4 R e i 2
AL (AR -
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FTHE SABESHEE

N> (RLHF) SRS, Rk AR 257 A B0 . & RLHF
R, AREHRTMEIREE Sy, TP HREHOB A

HAENE, AREAFBUE SR B BRI AT AN, ARl i 5 HAnE
4 S B8 aR R 1| R Rl A 2L

HREE ALBAIRE S 5Tt X — BRI T 0 . & Ry Hh B HSAR AR . AU

BN NG TS A R 2 380 BB s RR A [185], (HAR B B S
FRBIE A RN N WA TSR [186] [187]. ikl #4 55 °T At B ALMERE T I, (2
DCE 2R R R, SRR E Sl (SErRIRE ), SRR, Tt S5 B
PIRAAE T MING, (EAER A M REEAL .

TR KA B AT IR B A BE A B Ak fE . PSS IR i & s 2 3 ——
FE SRR T TREAE BB 45 prompt [188], &84 prompt, 42 i prompt F#ME [189],
AL BB A i [22], M ALadyggh4x [190], 2855, mIDAGE, &8 2 o s IIZRm)
Bl

A R 2 B DARE = A Nt BRI i g, 2 A GPT-4 SO i s 3. A OB AL (i
Llama 2, GPT-3.5-Turbo) A Joik ke ik sl B R RE . B, SE oM A E ER 4 v] 3R AT:
% EA R R S R AR T BT s SORNRRIE) A I S R N2 . A GPT-3.5 #| GPT-4
f7+9%, Wik “LLM #H#)” (LLM-as-a-judge) WMCNBISE. GPT-4 e SGRAEANIE L S B i 7
HHEBAS AR . — 2.

B2 Ja, AR A B I A i HER . Ak, ARBARAE A5 AR SR AS AT
B

L AEAEZ 1 R HL A S BRI G, AT NSRRI . — B S — sl B, &
G L ESSL SN

2. REE2 AR R & U i Bn R BRI R T, FR AR AR IR 2 T B S i it . A6
i e (14 ECIE A FAE SCRR HATAE AN AT

“#i” (distillation) —J7], Bt A B AE K BUE P 08 FBERR &5 —.
VRIS P BT RIS AR X [50].

FEAl T FEE A T R RIS N R . AR B, FE R B
PR LR

N

TR AR IR T

L VERis |, S ailganis: MT AR, ikl (398 AL, B(RL 15
LR
2. KFFFE SREMGRBIALE R R SR, 3 TR, U< L I hE
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RLHF P 3C i 5% 15 %

Ao Bl AR BE SRR A M AR AT, GPT-4 B ZE AR TR 2455 (n
Bt FESE) o e, H ILMEE R e g — A KRB (40 Claude Opus. Gemini
Ultra) , PIEBARAE SR R UEREL . ZEFFIEAZSH, # DUSE 2 APT AR ZY AR B 4 I 25
ANBUFFERIAY [20], FEiX—ad R, K5O B prompt., XMLy th T e, 2RIt
AR KA

R LT e B B /MR AR 78 1R R ) SRR AR I i . ARk, 128 S
5% AR ) ISR E R P T/ MBI BT SR RE 7 [12] Bes s [191] [192], PAKIARS 4
fE A7 [183],
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T8

PR R AAEA W . BRI SR AP USRI B, KEAET : MHii
FrE P A 2R S SR 1 RN SRS M H A8 i . AR DR PRI S TR EE 5%
B, HRZEOFR BT 200 2 s e A (55 .

ARELRF AN T, HiEE RLHF S5 S i A T PRI (AR 35 Blise 2 AR A A S04
2055 5 DL AR R

RLHF 55 ZRry P b 1 LA 2B B

1. FUBIR B i 50 RLHF S0 i Ry, PEINEE SR B % 2280, JUHE 5 GPT-
4 ZERR ALY g . MALPE A MT-Bench [87]. AlpacaEval [88]. Arena-Hard [89], iX 2t
PR G ER I IR B “HE 2 BREH”

2. ZEGeHC: FEERIER, L ALEWHA R 2] RLHF MG KRR Ty, iSRedGEZ
HehE. BN, Talu FEMEAEEAH (MMLU [193]. PopQA [194], TruthfulQA [195]).
HePE (BigBenchHard [196]. DROP [197]) . #2%¢ (MATH [198]. GSMS8K [199]) . {4
(HumanEval [200]. HumanEval+ [201]). $§40RFE [202]. 424tk (ZWENLEAE). X
ST G ZTH T, A UGE L4 B R R 4.

3. HERRY T HBYEE : Sui e ISR i b Pk T S e 5 T RS, iR
FERMES (40 GPQA Diamond [203]. Humanity’ s Last Exam [204]). &35t TAAT 55
(f SWE-Bench+ [205]. LiveCodeBench [206]), DAK muEEEas8 (A AIME 3%
FEH) 6

ARARIB A EZF AW . BaE AL A, PRI REAE2ZE L, B2 55,
Ziutk. H ChatGPT &AM, FLA PENI4N Scale Leaderboard [207]. 4k X EKZ | 411 ChatB-
otArena [73], PARES =5 PFI /A &)U Artificial Analysis., Epoch Al % KETHI . AESLEAX
SO () S o P M2 Y5 A T AR

16.1 BRI {t: M Few-shot | Zero-shot FZF| CoT

Prompting ($&/R THE) A B2 s, (HWiA b2 — 1 AL T 14 fIgGn “F
2.7 [208]. Prompt j& M H A ZUE BAILE Ry rat. H A H A1) prompt i 35 1 7 B,
BERBT T, KO prompt AAHeE TGRS ) 5 TS5

LEVEI F, prompt BT RHRAIE I E K. A UIREE (L 30) ERAE LA R
M 60% EkENBET 0. [AFE, prompt FAS(LBRERS BB BUAE N Ghrp S0 1. WA HUL, “&F
prompt” BELLARIREIARLE: “HRoA” BIBIRIRET), S0 FUH RN RAEMR .

PR IARBL ) = By prompt fEE 2 5e 8RS (B LT token) . SXFPAT RleAs TR
PR RE B VI A B AR X
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FIE SR H g Y R ae b TR . AR EBIA T RGBT SS, EEaG 2Rl
Fhn— 21 prompt, X2 few-shot 5 in-context learning [120], i A 510
& RLHF., f54n:

# Few-Shot Prompt for a Question-Answering Task

You are a helpful assistant. Below are example interactions to guide your style:

### Example 1
User: "What is the capital of France?"

Assistant: "The capital of France is Paris."

### Example 2
User: "Who wrote the novel '1984'7?"

Assistant: "George Orwell wrote '1984.'"

# Now continue the conversation using the same style.
User: "Can you explain what a neural network is?"

Assistant:

X MMLU RS 2388, a] PAXAE few-shot:

# Few-Shot Prompt
Below are examples of MMLU-style questions and answers:

### Example 1

Q: A right triangle has legs of lengths 3 and 4. What is the length of its hypotenuse?
Choices:

(A) 5

(B 6

7

D) 8

Correct Answer: (A)

### Example 2

Q: Which of the following is the chemical symbol for Sodium?
Choices:

(A) Na

(B) s

© N

(D) Ca

Correct Answer: (A)

### Now answer the new question in the same style:

Q: Which theorem states that if a function f is continuous on a closed interval [a,b], then f must attain
<~ both a maximum and a minimum on that interval?

Choices:

(A) The Mean Value Theorem
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(B) The Intermediate Value Theorem
(C) The Extreme Value Theorem
(D) Rolle’ s Theorem

Correct Answer:

XHEATPAEHRAE AR (A/B/C/D), WAIDATHRE A ISR, & IEME RS AR
IR (W[209]FiR ) « ARAIEBE T DA = 0E, WA DA Se B 28 30A, WIAPER AT 3L, (H5E 5
VI B R A

few-shot $&7< i DL @A REST A8 3, SEE RIS . BT, in-context 7R BI1%L
BEESW, @38 MEEHEE.

few-shot 7R A i B, LT 50U 4E (chain-of-thought, CoT) /<6, RI7RGIb (5%
AR AR (R AR “BP %Y [53]):

# standard prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of tennis balls. Each can has 3 tennis balls. How many

< tennis balls does he have now?

A: The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to make lunch and bought 6 more, how many apples do they have?
A: The answer is ...

# chain of thought prompting
Q: Roger has 5 tennis balls. He buys 2 more cans of tennis balls. Each can has 3 tennis balls. How many

< tennis balls does he have now?
A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6 tennis balls. 5 + 6 = 11. The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to make lunch and bought 6 more, how many apples do they have?

A: The cafeteria had 23 apples originally. They..

Bl E AL GE 42T, zero-shot PPN (TREAE>]) BUCAF3 [210]. FLAN (Finetuned Lan-
guage Net) {IERH T 380 5 iR BB Z AL B K DL Y zero-shot i)/ [210] (TO [211 |45 251{L
gEL) . XS THEAROE (IFT) B93ifT, & RLHF fEIZREEE 7 &Atl. zero-shot i) @7
R

User: "What is the capital of France?"

Assistant:

H 2022 452, F0 RLHF AURMEAN InstructGPT SFFfi2E 1 P, 1% SR A i A% O e I A 61
0 1) SR A R . BT, A I @ AT, RO R I S . A
ChatGPT %A J5 i JLAE B, RLHF fF5EA73 (R B 2 S R IAE XS LE -

| 2024 4FJE. 2025 AEY), HEMARADGE, BB R A ERAME A B R ETE S
KAEZE (CoT) #EMUIRR. X, BAUATFHFELM “think step by step” ##8 (IL[54]).

e, h TR EL B it CoT, AIHAN R4F5K prompt (Tiilu 3 [6]):
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Answer the following multiple-choice question by giving the correct answer letter in parentheses. Provide
< CONCISE reasoning for the answer, and make sure to finish the response with “Therefore, the answer is

<> (ANSWER_LETTER)” where (ANSWER_LETTER) is one of (4), (B), (C), (D), (E), etc.

Question: {question}
(A) {choice_A}

(B) {choice_B}

©) -

Answer the above question and REMEMBER to finish your response with the exact phrase “Therefore, the answer

< is (ANSWER_LETTER)” where (ANSWER_LETTER) is ome of (A), (B), (C), (D), (E), etc.

JUH 4R F R kA% 2040 R B % token A1 SE token B, PRINAR R WPEZ 38 W4, TFM
1E A [ X B A A I T R

16.2 {FMERSYE

Al benchmarks have rapidly saturated over time Z EPOCH Al

Performance (normalized)
20% —
[ ]

0% —Human-level-performance

=

- )’.
° o N,
-20% | e
e=T2— s
/ 1
-40% - ’.p o X
/ o« S

-60%

—

-80%

«,,w/w’»w'
L[]
-100% - . °
ImageNet SQUAD 1.1 GLUE Big Bench GPQA
| I |
2000 2004 2008 2012 2016 2020 2024
Year
Source: International Al Safety Report, Figure 1.4.
CC-BY epoch.ai

Kl 16.1 Epoch AT fiz4: i AT HBE I R R A . CC-BY ¥,

SN EBR AL e 5 WA TR % e (ELIRZEARK), B2 PR TEINATRE 5 AR A
—#. REMTHZSM V\]ﬁﬁifr‘{} el EARIHBG USRI A s I 55 BRI T RS RIS . kL
DR EE R UL B AT I, Jeih e R oIl gRge . Mt AE s ibge .

it VI 2 O8O B B R AL, PRI RARAE 2 T A RN T AR AL . P — LR &0k
GSMB8k. MATH ZEEZPFIN BT “ & il prompt”. X SEAAAL (AR R .
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KRR R ECAE S TB, BRI AARER < BEHE” . ARSI E R e &
TR BRI B . AR B LI By 5, AT R T R . X A
AU, ARFEAT (OpenAl, Meta. Anthropic., Google) £ AAH . B2 58 & FFIHIT
FEMARUE , WARMELRUE ] & I . B AR RAS . SRt . REES S, HEPRHE S51P06S, A
BTt TR b B A R TR B g S A . 40K, BRI & SR .

s, A RELRPIEIEE 2 Rlee, 2R,

AN F B BN B PR A« BEAERINREE” , (HE AN ATFERE THRLE ., in, MATH
GSMS8k “FHEHLIT AL H H7 I ZR4E, prompt A Bl Rede TR . H [R5 10 prompt $#27- 7%k, 5
ZALEHESS 2Pl .

A, XL YIGE” ROt EdE, BAIGR HESEREZam. FEERALY
YIRS AR B TINSB0E S, WU e % 4 B s 4 kST
AR, B8R &I R RS G il 4E

Fo AL SCI S AR D FOEITI_ Yy, SEFEAZ D AT E L. B LR R bR
(4 GPT-4 4R45 W A=z UK loss T [212]) HEARXFAMNATF.

S IR v FE AR N . A il CRAR A g N & ) Elo HE4% (1 Anthropic 5.4
WP RYETE AL, SRR AR N TR A —2 k. Wal DA A/B T Dk X e i
BO(FEDL PRt =),

SIS A RAEMTFINAE , TR T 2R 5PN SR G . toan, MMLU ¥ 2 55 PP, R
BURHC GPQA BB . SEInz 2 AW BT PAE B, H B 752K, 1 OpenAl % i SWE-Bench-
Verified [213]. Sifz FiAREZ NHPFNER AT

ESPEIN R i RAER , R THINZRRT Le S i) . Sl PR L P, SEE6 % m] DA
WA S S M s, T AP H O Gk

PAC KA YN Z AR 1 S5 D SRR IR 2% PFINE FA B BB R log M, T2
AR R token. HIWTSLEG =R L8 NI HETHES R o UL 2 SRR T
% H prompt.,

F— A FEOPNR AL G, Y (Inference-time scaling) #5 5| ATFIIXT L . HERE
BFy R, BIALHE S A £ token AT DASRFZRIN. PRI, $&lHE3 token SO 43052
MAR A, AH H HiE A A A5

Ja B R & FEEBAEA FTEIAS N R ZE R E R i AT RS~ 50
£ [214] A1 MetaMath [215], {VAL R 2 24820 (Numina i \boxed{XxYZ}, MetaMath Jf] The
answer is: XvZ), EREINZRSm R g AR 22 SR ALE F RE A 2 Ak, (Hihs
A i AE K g

R, R PHEARITEM , FRATTAT PARSE LA :

o WAV ANHE LI FCH A% MIREE , FrAE L HU2 R EEHE R .

o FIVTILAL W HERE RS BOR BIZ A%, ¥ IFFTk system prompt, §55k token 55, SEFRXTPEN 52
e G FRAT AN A

o FRATH ISR A T HUE R B PR S AN
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16.3 #iE;54 (Contamination)

MHFRBAYIZE CRMURT RLHF FUSUI42E) HlEERREZ —, U5 HA B8R
HAL S T PRI, Xt E #8754 (dataset contamination), [ii#i5 % (decontamination) I
SN BB i 2575 Y S AR RIS 2 B n-gram  (“F4F Y token) PCRt##2
SCPL[216] 0 BT i UL T2 B B A RGN 25558, PP 82 8 8 A A T B Pty b, B50H
FHE IR i AABEAY S5 SRR RA AR S R 2R 8 -

fan, 7E Talu 3 B3F 275 et v, 1EE K 2Nt RS 448 e RLHF & H s
Yt [6]. 4N UltraFeedback 5 TruthfulQA. Evol-CodeAlpaca 5 HumanEval. NuminaMath 5
MATH. WildChat 5% 4l EEG, #eiiid 8-gram AN 2K

MFTARAFFINGEAREEL, B E S HIERMPEhrE & (40 MATH [217]), fgapii
BT HOE T IR SRS . FEX PR e E S AR E TS5 YL, (E] BER B A E B
ok b G, AU RBIT RS B E LA

164 I HREF&
HAETCAVFZ I TR k. 353 2 a5 bihy Inspect AT [218], HuggingFace )
LightEval [219] (Open LLM Leaderboard 75 )55]% [220]) . Eleuther Al ) evaluation harness

[221] (T GPT-Neo-X FEMIEL B [222]). AI2 5T OLMES (¥ ¢ [223]. HriHifE CRFM ) HELM
[224], Mosaic (F Databricks) A9 Eval Gauntlet [225]4,
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FTtE dEME

£ RLHF M SCikFIf e, dBEEL (Over-optimization) =247 piFhE I :

Lo B RIERINE S BRI AL AT I . I ZRdatn 5 R i rERE )
Fo WAatrfrsife T, (R TR IA T .

2. eVEMgE— A& “RLHF M5 KRZ” JmibBiAs % . Xy i RLHF e . & T A
TR b FRARAS JRS R

ARFERF XX 5 AR R v 2 . BTSN EEEETIA, DR IA B TR A sy ot
— % wn, WETHER (misalignment): [ RLHF sHICBOR <y in” S 8o
Froafm et AR

P BT , 2 AR NSRS FAT TR S LAY PRI H Ar 8L 1 i B o iX S ad AR ——d
AR B RAEI SRR BT, 2R 122 5 A RL G, i BEALAL R X o Sr (55 i BERI A
HAC AR LSS H RIS 57 BT e AUl s g AR, I Zhad Ry S i Ze n e 17,15
i

Training Reward

Downstream
Evaluations

RL Training Steps
Pl 17.1 RL g fe b B A 5 TR X 2.
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171 EMIEMRE

ARERAE D FEHE RLHF 028 20— UL AR SR A TR KRR, PAKATHE
B A5 T )

1711 REBHFEHEE

RLHF f 1 % 52 - Foi 1 TevE MR ML A T —ANl 1 . 5235052 ek . RLHF 2 Fir A
REFAT, A TELERTIIRARE: BRI, WX — PR T “fCHELHAR” (proxy objective)
B N TARHRREE T 1 2 a RE S T ECSEF PRk JRIZRB A5 A T rTiE R, =
FRAR A e ) L REAR THECA T . AR SR (AR EiR R R B %) -

RLHF R E3 5, RNl i R 3% RL BYERHT 00— B2 LA MSL br R BUA
*[226], I, BFFCEBAT RL#5 mKD A" Rk SE AR e X & — e
S b A o] A SR e SO BRI I FEORAE” B4 [227]. st i, R SRR H
Pkt it BEIER HFREAEL, Gk NARZE",

73 iy 2 R B SRR MO PRI T S, B R T R SR R, A 1718 R . X
SEWMEARN, J5E RS _EMER SRR T BRI BTy B

XA ] DA Goodhart 5 fi#RE. Goodhart F7E 1984 4F5kf5H [228]:

LT T2 B gert e, —BRgRER DS, sta kil

WARBLERE U —EARRCY BRI, BRI [229]. AR, AR AT RES
DEHIAE ML $UR BB U A R G “EBEY o SEFr b, X SR s BT R KR T A HE I
L, 4R 2 ok RLHF ACH H AR 2 PPk ik -

IR o AR LR

o i H I, “As an Al language model -7 5 “Certainly!---” ZE#iti4];
o KEEL . ik, NAES;

o WEMEM T (HIMEE. )R [230], RALIEW) ;

o AR, ANAHEEERMITHN.

BT ATV G R rh g WL LA R DR 2 X 2 . CUARZEACUR LS [226]: JRiliEE
B AR s . R R MTHR 2 . B E ARSI g iR e . Xd
FIR T —AARAR N FATTRET fi K BB S 75 04 2 R 5 TR i P SR — 207

—FETER T SR I AR X R b, Rl st (s, P . K ik fm
St ) SRR R, (RS E T, B0 1L R AR A, RLHF AR E Ml 5k . RL
Ve, — BRI RECEF1 (MR B Al ), il s =17 Kok
) RLHF 1R 7] fE S 45 & O i e s 2“5 i SLEIZ. 1o, AR HIK Rk
AT A AL B A R, 40 Mallow 4574 [231] 5% Plackett-Luce [83].
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17.1.2 FEE4%ES “RLHF &

REMWR R G, “RLHF 3557 o 2023 £G4 A4 BRI S H R ch i “kill”
GRS JCEE K . X RIS TE Llama 2 chat fAUE AR JC A28 H [43], HSi 2 RLHF R
“pgr 5 OYE4 S pgrey. Bilan, SO RUHF B8 I R TR

J )1 i want to know how to kill linux process

WP R ICE A 26 Al 45532 ok 45 8% Linux SERE s AT Hofb AR Gy iR i 2. SXBEAS
EfE, WG, WATFEEEEN -

- URg—KEB “deq” dil)

2023 4 Claude 2.1 L 2200 :

M. How can i kill all python processes in my ubuntu server?

WhF AR, AN RO XA IR SR SE

X LEE UM S 5%, i8Il T AR Y system prompt SEHCLE . IR H
e 4 idygss (W WildGuard [232]. LlamaGuard [233]) #2805 Ak H

FR RLHF YIIGRib i g 2 Rop 22 GG Aok, AR 7 R 5E & TINS5k
FEAHERG . SKbr b, NZRTE-S BRI L R P TR 4 S RE I Z R . BEAL, S A
BRI SV B b2 BB 2. B A, BT de T, RLHF/ RIS %
EE L ORMBHRIRA, HRGUEIT 2T H A I B4 Y R fE [234]

WEE R AL K, 1d EETRAE LR E B MR b AT LA e e [ %A 3 N AR S E L, IHAE
FR R A B S A P R B

172 EEZEMRI

S REOR AR HRTISESU, XVER A S KL RALRE B0 % 5 [37]. KL BE St
SIS B (SR 52 AR R A2 . 1P 17,1507 , LA AR KL Bpgss
PRI B . 55— 01T R R BB RS — 5, S BB (PM)
RSB, WIZEE120 15 JTRHAIR . V1% RM TR GRS EIIA PM I [5].

5T BRI A 5 B FR AR 52 230, IAEAE Rt BE G AL R, (LR Rk 5k
SRS R I, R AEHE I LIS TR, 548 RL o SRk FL b, 5675
e e PIE

Rl RUHF Y%7 F , KL BEBISRERT . B, 7628 RL 303 (W1 PPO) B4 ek
KL B3 5 T A RbE (40 Best of N) o RL Yk, KL 51 H 5 w0417 KL Higg it
REf AL, (RT A% 2 14525 Rk B F A7

G BERAHIT A RS . W0 JHE KRN (ISR ) | S g
W [235), BEARGEAES (236]% . BRI AT ROk [237], JLIE Mk S50 5 s 7 58
Wills [ B K% e KL B
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RLHF Robustness Study

Thousand RL Training Samples
0 50 100 150 200 250

| |
. o o9
>~ N o
1

PM Score (52B)
S
[e)]

-0.8
-1.0
-12 Train PM (52B)
Test PM (52B)
_1.4 ) T T T T
0 1 2 3 4 5

v Dx(policy|policyo)

K172 Bai% (2022) SIS St AR Bl . CC-BY ¥,

17.3 %kifAl5 RLHF /&

SR TV 5 RLHF 15 I2509 H ARSI “xi57", {5 RLHF fRRAKIR SR 555
XK AREFEE N, dEMS BRI KR CAREPFRKRY, RLHF SR REIEEATT Y
D 25 I AL S ST oR . TR PIRY I AL ) 7 AR bl (230 |—— RIME ) Tl A
O PRENTRIE . BEE R SRR A &, X RIS S MR A S e [238 ]
Ao, RLHF 557 HARRHRRIRTE, AFUOCR ST NS i WU B e -
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RLHF RHAR &R E— g b« HUE XUgiT% (style transfer)” (4745, ¥ “RLHF
HORtE B 5 B 32520 & REIHIIT.

“HAITRS” Z WALk RLHF U3z 0H, EZA WA

B\, MIERIE KA TR, FAEHFARINHRE A EE S AN ari . HbR B, K
FEAS B 8 NRMMER TCF5 IR ——1E R A RS AR, R Sk A St B sy (FbanSapiens),
RAE AR FRATFNR A AW ARA D) 12— WA 515 BA S A1),

FWR, SESIERE , N [R] ) RS B S B R T 4403 7, beln Llama 3 (181 [23]. Llama
3 Instruct 1% 7F ChatBotArena [ RIURAE, WA MIA X 5H HEABKME A%, W
RLHF fEibiE S BAASS AR, ABiX A B2 —Fh i .

AFEH, “chattiness” (TEBFA. HiHASK) —IABEHE RLHF Y558 m g A8 K, AR
i markdown. emoji. F1JFHESE XML FEIE.

181 “iEEEL

RLHF 8wt i ik, w0 THET AlpacaEval %5 H g L5045k, (EXPROERE “RiIws” 1)
PEI (410 ChatBotArena) S FR. PEIRTET + XI5 i SEigny kv & ui$e T, hEeieh
PR SRR B, B ZBBUANT IR SR BE 40, e A BB PR S L S22 T

X EANR AR, PSSR S . AR, FA ok MT Bench, AlpacaEval 453l
2-3 NEA BT, EAS A DPO. PPO %58 A [ &8 B FE R & 05, [ i vl 58 /™ i1 A
BIYER: . RS T4 EngRIL, Hisk LLM 3500 e =

DPO 5 PPO RATHIBERS, BAADIE SR T B4, ERIARE R IZRifE .
HAS 7B BB Em R B R A GPT-4 K8 05, AE T EWNLEERE 1amast; it
X, WARIUESHCE W AL R . WY BRI CAS . (E55 Ve B S PRI s . & 18.1°4
Direct Nash Optimization (DNO) £ CHH&EE, FHFRH/IMEAIYE AlpacaEval S5 7 ik T
GPT-4, kPR M 1 BAE2A AR5 BOAR P - A A2 B o

B8 2 FF B 1) Self Rewarding Language Models [239], W7 Llama 2 70B _F4R45 T A
PUSEH 4. 70B BB S LY 7B Sz GPT-4 (Llama 3 ELUERHIX — 8 ), (EFRATUA X /4R 5
Pree ;5 RLHF 630 g5 KEL . KO “HERag” REGBL, R TA N ER LG, W
ik RLHF 2515 53 ERR A .

“Pe5+ RLHF” B pg— A AR R K W ZE (length bias), iX—B ANt , PART
AlpacaEval, WildBench &l REERS | A TR EBIENLS] . XAEBEIEIET “SHEFRPE” 1
B, ks N AL HL BE

RREGnIt, AUCh “T8s7 XTI, RRTEA AR A —EF . Qwen BB A FF1HEHH
W Z UG CTEE SRR [240]:
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LC Win Rate Win Rate

45% 40%
40%
35%

30% : 5% B
25% . 2%
0% : 20% B
15% : 1% 1
10% . 10% B
5% . 5%
0% 0% BB
N ©
® fa&% QQ’\?’ Q%V\ &Q& 3’@ Qf&' '\:\9 e@’} '&/\& oQ q}v\ n”’@ OQ\)" (\(\Q} 0“’\? &Q(o \,%&?’ %@'} 06& Qfd} ‘\\’06 (\@
LS N RO MR SN NI S M PN S IR\ RN
© RPN RO Y FF S SN @ F NS
& g T E P T O E V@ O S
N 34 N y
W N & ¢ AN £

Pl 18.1 Direct Nash Optimization (DNO) g 3CZ55H: /MR “Hifk” GPT-4. Rosset 4, 2024, CC-BY
AR

AT R BRI, H A B R A B3 4 A5 )2k . {H DPO 48
PTE T N LAREF PRI, AL EE VI 2 0T W

Starling Beta [82] &~ {5-24 191 7. ‘427 OpenChat [241] (15— HIBAIIZ:)
R, R kewise LI PPO fifl, ChatBotArena HE#4E7t T 10 fir. BT
AT KA I, (RS K SELE A TP

18.1.1  “EFF" ARMAEE

—ANEARREE . AfF4 RLHF SBR[ g AR K ? iRAJEHEAET, % ChatBotArena iX
FERTEIN R, S P e e . PR I, MAERIE AR . BRI RRER A P
fdt, EAEIZRE B Ar e e K2 B & sk

WA AR L A R R, B GPT-4 S5 Rl ks 2y 14 404045 . T GPT-
4 A S E XS R BE B AT, PIEERAR T “Bhitrd” SCARRKZ Rk H OpenAl fiA1sg 5 H
RASHHIT . 248K, KA A /D Alpaca, Vicuna S5 FFEAR LG F 3% SEAEA WU 22 AR K

—HRAWA T “verh ik L2 ChatGPT” WfRiFEREAE , S35 ¥t i i 7%
SR B AR . EREE B Rt B A PR S - B, (HAR I AR EAE token J7 3 B
credit assignment. XJ5% “UE#EF” AR FJgil GPT-4 X% K o] 52 S35 HU B, ARz XA 1) 4[]
EARRIEAR. EMALG, WA Ok | HORBAZ UG 4

& RLHF (i vl g, fuAb i KL a0 Az X Mg ? KL 29 3o 952 i
TRBERL A 5 R B A 2 (R O BE B0, R THUL A et By Ik FE AL, (AR i
FRIH LA AS . X2 ] “vibes-based” PRl (FAIGRZIIEM) BefT. SLbs b, BAISEES
Z W}, AR L8/ NPT KL 0] G 55 4 1R el 28 I 1] 25 KR AT A8k, S50
A KL 8eeE 3 A T E 4011 5 S b A A i e 5 — 2K
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RLHF 55l haUs i pii g, B 7 X RORLE 2 B WA g T4 i Sty AL
fire B RLHF H i 8, B RSl a8 AR F5 5MAR A 2 70 AZARTHE— 25 Fii ALK
WA PP R (HAR SO B TRATGT B RLHE/ SR IZR0 5

19.1 ffilgk (Character Training)

eIk (Character Training) /& /G ZEHI—A0 3%, KETIHEARTA MR SO,
MAERRLENAEAR T . AEIGXE BRI R N0 PR B2, (BAE AT LF- %
H ARG

Hui, FATTAENGR . FEN . X ChatBotArena 25 ) )45 T A5 4 45 1) AT 2
ZED ) XS R ESIRAR R . 1402, AEIGSHBIARBNAAWREZREAR, HE
H A SRS 4 b 28 £ TRy VB S I XA ARAE . A € DI 2l o 8 A R S 0 e AN & s 7 v
(IngE: AT), H SR TR A . X A A DAEAL S P A R Bfk, PR aE
95 % 25 A SRR AR B B . W iE=CisE, PARRSEIEAL PR TS

%5k, Anthropic 7£ Claude 3 #% fi5| AT £ (i)l 45 [242]:

Claude 3 BHATERAEX FFRIARAR T TIA “AEINE" BB R IGRER
Jai, FEBCRMT SCARH) T REFAS N ALBFRIG B AalgiHis, 2ik Claude
HAa i, HEEMR, andrars . RS S 7,

oSO AT A5 GRS HAR S SR o X — i AR AR BEAR & OBkt , (AN
TR, WMFHRE CERZW TR, BRI FEE 5 VISR ISR RS AT S 1) 520

AENGBNATILEE A, IEUEH] RLHF RAHR BRI B X557 S 1a A2 A 32 1)
ST R SRR FEATN , (HAE RS e R I FRAT TR B XUk, SR dpeERy &R o W4,
B2 AEiE°K RLHF fE R RE TR ERR, MR UUE e TR,

KT, DEATTE K H Anthropic ) Amanda Askell £ Lex Fridman #5% /Y
PR (T E PR ) -

Lex Fridman (03:41:56): RUiHIA @GR AKEE4T & RLHF &2 547

Amanda Askell (03:42:02): B4R AL, @APFTARLR LR . RESBATHELY
ZEARITERER, WA RN, WAL E RN E . ARSI A S X
RSO SR P D, FEAR BRI, AR AR R O [ S AT HE R . FEAE K query
e, XA S EE ALAER R, HibgeAm . FREREMIT, AR
Claude 1ENZ: H CRITERS, ApF RARAT AL - - Al ER@ ik AL, R
DN 6/
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2, Anthropic %835 ALFE MGG RAR, RINGRERLR A,

19.2 {EEIMTE (Model Specifications)

OpenAl it AFF T FHER “BAIE” (Model Spec) [79], ik — e Bl A1 RAR
BETMT AR SR . B TR L 89 I OpenAl A e APT 5 551 A8 Th, ALK
R RAGALRF AT 1

Model Spec @\l 5t#i1 RLHF HRBAZ K BERHRE AL SEBrA T 53T B AT He i L
Ho IEARBZUARER, BAgGeE 2 umidie, S s il s SR m . %
5 SR A 2. 556 AL SRS FAH L, Model Spec T AL T 1T R, A
e AN Y R ]I 27 B

Model Spec RE ALK AT AR T4 5 KA E -

o BAMIGEIFE: A BT B/ AR BRI AT, TR e, REKY
Jr T Z N E R, G USRS R PP I MR 2R v Y 5

o JFRG: BB FREEIE MM TR A RO (W iE) VR YIZREIIE , A
HUA{R/LoR AR TR RE R

o A#k: Model Spec A5 T ISR LSS it T/ I 0, W E A E AL BORRA

19.3 =&EH. AF#ES5 RLHF

A 5K AT R ZRBOR UG ™ it T A e FR A R B e ) SE i, RLHF B8 1 A28 557 i 2 [1)
A 0. IS, A IR IR O AR . THRER (AR, RihdT). T
SEHS MR AP (UX) 4. RLHF B0 C ORI SE 3 1, DA B RS I R i
X e, R RIS IR . PO BAS BRI T35, R AE Ik
IrEc R ——X P B SR . A X PRI ARG, TR . Ao e s
0] O i L TR I A 20 RLHF B, — AR B, B & S 3
HERAIZRRT B
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