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> NABEFREE 2ETEXFASHEGEAMNEEINCEN, FREBBEARIES MRF RIS IERES.
BTSN AXE. KPR ENGEEGSIREIRAIEG, HREETCEKINEANFENLEEE R AR
XA, #EERM—EpmE, XA TSR IENAFEREG (WEE. &8, oXF) BAEEN.
> Long2Short ik
> (EBIELS: BIIA CoT BBIAIAGRIA CoT MBIHNEHRHITFYY, BR—/\FiEs,
> ERFEMREF; Short Rejection Sampling: MZ N RIFERPIEFERE BIERINES RSIHMSFT
» DPO (Direct Preference Optimization) : RS A CoT 1REVE IV E RIERIFEUERIZ:Short CoT #=EY,
> Long2short RL: 7EtnE RLIIGS, (ERIKEETIIREEITRVE, H—PRERENA CoT BRERIREE,




JRAIELITIE: Kimi K1.5 vs. DeepSeek-R1 Comparison

> “EFBRIERLAYG AT RAVEFT, MCTS # PRM ;2 E#fER (Reward Hacking HI&E)

> MCTS E—Fh Structure, A* 3.2 Structure, AN Inductive Bias 383K L MIZBREEFI(k Acisit

ITRE O e PR HIRELATRE
> PRM B 5#% Reward Hacking, B #&33& Value {RHE/ERf
> Kimi K1.5 EZ2M In-Context RL BNBE R &, BHixl|ZxEEapproximate PlanningHyid?

E

2 (BN

SearchrR, state ] value SSE&F¥I/9 Language Tokens)
DS-R1 EMERLAZF, FJE GPRO + Rule-Based Reward & EEEIGEH

YV V

MAYRE, EEER. R2Z, MFRER—RE, REMET, BABSOBER,

Kimi K1.5 Main Result DS-R1 Main Result

O AERBEFEEIE A, REARESN, PARBREMNT, BMIAAXE—

2E,



FARYIEL I8 : Kimi K1.5 vs. DeepSeek-R1 Comparison Takeaways

> GRPO : FABE—EE N KA T9REEAEZ, NMAFIIMTIMEREL. XFLH
B EAENAIVTRNSE, SRIMEEETE—AYE HECBIZAMFERIAEE, s,
GRPOEFISHRIFIRESSERBNKLAE(EAEMNRMNRKEAE, T PREBEARMTE, &t
TIRBERITEERE. XESCGRPOEANBSRUCEINESF, 1SR ECESZRATHERESET, 88
BEEIUHAURIRERE, RERFRSTENER.

> Kimi K1.5 £ FMirror Descente] LAERIEZEIREHENER, (EHREINS 2RI S AT
ZRE, NZEINRRE. IOUE. BRIMFT eI, BRIFRE BIAMIRZREIGUE. B, B4,
RERTHEDR, XN iRERETEEESPHNERINECERE,
> [E)llZxPipelineXy FEFHEEUHEIERE DRI EE M AR] 240,
> FEE N EREDFIZRM IR RE DANENN . tRIEEI[ZRScaling Law, 1REIFIRIVEHFEUE R NE,
> IBRENEIEEEN BBET 209355, FEWESRBHf, XEFR TR LREZINRR, ZLRSER
BR98ET.
> ERFERR, YWiRGREFRZIMRENEZMINGIASEIEZEE. EEERKESIHERIFRRZIE
IR, Gla0, FX—1NFIRRET™—1NE, &aFE— T EREREEME— 1 REREENER,
EBE G AN TFRERERESEAEER, R EEFRERSZAEER, A, MNEEKEN
BERE, BNEEREISERNE RS I SIREHNBFREIENTE, XMEFREENFILINE
KAHEIR R R R R AR NEIERE N E R B E,



BANELIHE : $RIEIRIRIE — Pure RL vs STaR-based

>[olm: STaR

> TR FCUREEEE(NA [Question, Answer] , BE5GHIF—LHEHEIEISFERY Few-Shot Examples &
Prompt 12BN FEdEEE AV a4 i X IA AY RIS FEA A ==,

>dis: SRERAVESEIER, NSRRI ZIRERISHEES, WREMIESEER, W=,
EEHIFIREZRRYRIE N EREIRTE, BRRENEHRESEAEENRE, ME— 1 EE—
RUEEIESE [Question, Rationale, Answer | 31 TR0V,

>;ﬁ1§ BEIX—IUTE, BERRAE— SRS, N FRAVREIIR31T Fine-tune MoRG LEIT

Ho




BAMILLITIE: saif

242 _ Pure RL vs STaR-based
>[E]ET: STaR SRLAYEAER

> TAIE Fo KA B ERYAEIRERYZ (rationale) AUIIAZSR(UIT RL SRiBRRESIEENE (action) , BT

IR — A BERUSRER BT,
>STaR 7, B ITHEEIRREL, =R

ANEFRE,

ENIESRAFUNERIE TS, FERIRIEFTN EAEHIRE

» STaR EE—MEUE LHITZRBEERT, XRUTHEEREBEREATI0REE, @A

[E—HtEIERREF I iE.




BAYNELITIE: i BifEIEERF - Pure RL vs STaR-based

Takeaways:

> STaR EI’JV'L} iR IERIEEhIESEEIRNext Token Prediction B

JEFIEAVR, bean

&E AN

rStar Math, SoS %B_JL,L 25 B BRI AE

FSTaR AJLAA—E /XY REIEEIER

H, @

> AR L, STaR—ZRIGEERHREIREEEEZ=SEMetaCoT, B [a]ZRZEZ 22 hRE

WIEERRURANIE

> BV FRBNGEERIER, NFEFRAFHIBMESIEEHLIBIEREN

SN
HHIRER S SRY

> YELABH Rule-Based Reward forRLIJIIZk
> PureRLINEF T, M RAVIRSCELEE 22 Focus on 27

1, BEidgiErule-based reward, ZiYMI_ERL DatafJigit, EliEtRE

g

JRLEGEEE

A*E;:l

AT

> Reward Model BJ—L6==40PRM, £i&Z%lreward hacking, value 7, MELLZ

FE=EEE

[1] STaR: Bootstrapping Reasoning With Reasoning



BAMLLITIE: FiE vs iB{tFS

> REUREIEINEREEA, BREFEE —ERIRGE, TERREFEYE, HEMNER MRES.
> IRBER: F—UKEFENZIMIATRE@RE—MFERIVFE, ITHERENINEINERESRATIFREE.
> DeepSeek FIFFZRIBRIFVFEIRG T —HRIVIMERL, RIMIFERE XRAIERSm TRIEREEBIEXN, K
W REEHMEEENN, MXESHHEE e/ VR EREFNRANEECEILILIAY (FILUAIZH
FIOISGFHAARE)  BIIEXLEREERR/IVREIRIEESSE, EEEN 7 E T AMRRLAVTTIE,



BAMLLITIE: FiE vs iB{tFS

> (ERARESGRIEIERE RIS N L, FHBEFERUEI X ZIRE
> BREFRASFTRIERTUIFIREURFIEETIN, SAEREES S CRRNEHET, BERESEEUGE
#EFPAIPattern, 1RYMEF S 2GRS FFAVELFAMEFIMetaCoT
> BUFINEEIHNENSN, SMREESRAURMEERZRIZNEES BRIME, KERNZCIEFHEE
=N ERES
> SFT EERZRICIZMEMHITOODZH, EFORMBIRLIZIEEI IS [1]
> SFTHIERE S, (ESREEMIRLAILIAISE SRS
> EEEEERENSIRIKE, HtXIBERES TIEIR LongCoT KA BUERERIZEIBER
> Scaling up verifiable reward:Zlong cotBY#ZiL s
> JVREY (fHlg0wen-math-7b) A< S recentivize long cotAibehavior (e.g., aha moment) EMATH IZ& T, wait,
recheck, alternativelyiX iR TEriZ ;& B BE BN

[1] SFT Memorizes, RL Generalizes: A Comparative Study of Foundation Model Post-training https://arxiv.org/pdf/2501.17161
[2] Demystifying Long Chain-of-Thought Reasoning in LLMs https://arxiv.org/pdf/2502.03373




BAMLLITIE: FiE vs iB{tFS

» Open Questions:
> Long-COT IS EURT RESHRINTIEEEIEIELES?
> Ii# Long-COT ZBEh N R BRIEFPBEFR?
> Long-COT REH RESBIMFSARHES?

» Takeaways from RedStar [1]:

> Long-COT (ERIREUE TISRIEIREE: IHUREURES (W0 13k NMA) AJLABERFHERMRE, THEERFEST,
FEILY Long-COT A BNMEEEHEERMIBER MRAREEEARVEIERES.

> BEATIESHESWCIERIRFHERE: T AIEREER (30 14B. 32B) LUIRSTEWFIZGAOEE (NEEF)IEF LT
KEYE) 7T Long-COTIGARIMEE, MTRWUERIER (40 7B) ERISIEMIERIRFTNMESRMISAIEES.

> (EB5IEEZBAMIEETS: Long-COT JIIEAMNEERFAEIFESAIMRE, e EEiES~4ERFn, ERTH
[TZRNERAM. tHh, ZEEEERFNZWMNEEY, mEREMESINTTHEPEE TESSEMHIERN.

> BUEERINIECIRATHE: FEatFITE (DPO) MELBHUFIEIE (PPO) 1YEBERUE EIEEIRE,

> Long-COT SR BIEZSIERY: 5 Long-COT HiENMATFSESKIESRE (MLLMs) FILARERFEMEE, HIBIER®E
(slow-thinking) FARFEZIEMES FHIBRE.

| 1] RedStar: Does Scaling Long-CoT Data Unlock Better Slow-Reasoning Systems?: https://arxiv.org/abs/2501.11284




FAMLLITIE: i@ vs i2{tF>] Discussion

> Kimi K1.5 F Long2Short 73,5802 EK A CoT fRBURIAMRIERBEIREI A CoT 1528, AR LEE—F [ZFE] |
NI HIIRIEESZF, NMYEMRE, B2 token HE,; BTN HINRENEIERIERIZFES], AR,
> Sl RBNE /DR ARG BT 01-previewHIZRIN :
> BEREEEHEGEE: sIKEIESEBEOHNE 7 1000NREHEER L RARFREMENT T EEZREE, XEE#E
HEE. ZHUNRENTETHE, HEFEMIEERENTSEE. - FHUREZIHER.
> FHERIEME: MEEbEERURES 7R ENK M EITTE R RERE.
> WERIAE R EEFRCABITTURPREIRT, #5\ “end-of-thinking token”3R4R | BB IS FEH (RS BUGE [ B =4 AN ER
> EEEENITERN, WEERFELEend-of-thinking tokenfUHIE, FEMEFAIIRE,
> DeepSeek FIFFZRIBRIFFEGRE 7 —&H/MEEL, RIIEFERE, XEXEESTZTRUIREERER, KIS
RZzamEEeIl, MXESMEEEEMEEEEFAXIIERCEIMLILZINE (FILUA 2R TT%:
FRAE) | ElxXERREEIRY/IRERIItEEsRY, EEBE 72T RLIGE.
> AR TR RRI MR EY
> ZHBIEEEFEEESEEES (FIRBFRIEHERR) K, XIS EEmMARIIMEREEXIFES IR
(FIAMBR{ESS) AHER MFDZ (LEEN AR,



BWANLLITIE: MCTS & PRM

> FIFA MCTS, B&ERFD MBS AH Token SEMURIT R, MEXNTHTSEHTER

> 1B MCTS rlge=8 LA THIE :
> Token Generation Space B K, TMAEERSIIEH—E, Search Space £ relatively well-defined, BZBNBEP=HIT
> Value Model E3Z52I0 T ERAME, Mill&— 19 Value Model EUEREVE

> — MEXIRLTIRYELSESZ rStar-Math [1], B IMRELAZIOpenAl 0181 (ESSTHIAIKF
> —MESIREEIREPolicy Model, B—M&EE)||grp ABRTIRIFAISTERMER (PPM) , —HESHTT
MCTS F=ELFiitiERERENE, MEEHREVER, AEFHEEmEMEERE
> BARERIMCTSENE, QEARTEHAIE M EELRHITRETD, BRE(I8EBER0RB HE
LLREIEHRRY (ERLE) [ BELRELREGEIRAY (RAELSE) AL ranking loss i)l|2x{wF

[1] rStar-Math: Small LLMs Can Master Math Reasoning with Self-Evolved Deep Thinking https://arxiv.org/abs/2501.04519



BWANLLITIE: MCTS & PRM

> KBEAYTakeaways:
> HHEETFRIFMCTSIEENE, BERIGMCTS M ATRELRTY2
A RE = IRFIEERBETIE?
> MCTS 2—#¥ Structure, A* 5.2 Structure, AN
Inductive Bias &KL LMIZER A RIS FI0H TR
= 0] se=PRFIRELAIRE
> ABIdEYMEYStructure, *EEEE%EKTL,L%EU%
> Algorithm Distillation: }$&RLEY Training History =7l E 15
EREESEE R, F3)%Data-Efficient Rk &%
» Stream of Search:l ERINEEEN B AES I
HiRTY, X R policy-improvement methods
(Advantage-Induced Policy Alignment) #1STaR, ##:R T

heuristic solvers;% A R aYia] 2
OpenAl “Don‘t teach. Incentivize.” https://www.youtube.com/watch?v=kKYWUEV_e2ss

[1]

[2] In-context Reinforcement Learning with Algorithm Distillation https://arxiv.org/abs/2210.14215

[3] Stream of Search (SoS): Learning to Search in Language https://arxiv.org/abs/2404.03683

[4] https://blog.ml.cmu.edu/2025/01/08/optimizing-lIm-test-time-compute-involves-solving-a-meta-rl-problem




BANLGITE: MCTS & PRM : PRM BYSCiEfIRE

> DS-R1 1 Kimi K1.5 &8 #17IBiEAIMCT SFIPRME R
> PRM B9—LEHkdk :
> RES FHE—SESIERE— MEMERtask, BalinEELI=ERFRIZER,
(BEAATnENMEL L scaling up
» Model-Based PRM BJ8E=5| A reward hacking, & 5ll4 =1L 43218 E NS
> PRMIAREE S Frerank top-N responses‘and assist guided search, fEARIRERLEL
W, BRAENEERE
> PRMBY#ET:
> PRMEIFZ2—FEiRTAZERIIEEMEE, Xdreward#E Tshapingm] LA || 2R EFaESK
INSS1S R
» PRMIABIRZREZE, AJLAMRBINGS B RIEREETRRE (ScalingfiZHIRIEREX)
> FIBEFERWESITERN4SS, 1R{HRule-Based Z4MEEIRIReward Signal, 5S8R = 5
RO, THEEIB it Ryt




EAYELITiE: Over-Thinking

> SRR TUFEOverthinkingdJ1T /9
> IZRNESIAE, F140 Wait Z
> —HRRRE A EER—ES
imiail, BEENINEFHE (=
BN
> YT ARSI R0 2+3 =7
RS UESR S
> EUBKRESEIN, ESPatternZ, AlgER
SHETFAIRIM, (BESTFKtraining
inferenceld A2 AAYIRAE
> RS IEAYSHL Test-Time Compute, 3H4T
IR E?
» Long2Short Distillation
> KEL{LAYPenalty
> (UARIFERRS




BAMETIE: MXPESIISIRS

> DeepSeek R1 Zero #] R1 (4B S FEUSRHIIMNERIT01RE, XEAEIEARRST: 2RSS
HENNFEF T Deepseek R1 R EHEIFIRENE S 2 EHAIZRIN?
> IRSEEIRSEASBEH—TIEaiEEsEN. \SSTHAREEPREEINERFEER
£iESH, ARNRERERESER T, BEE(TE SR IRIAS IS,
> IESY BIE A ADeepseek RIA F—NEEASEHY, B, EENARKRISHIgiER -2
R NAANIGR, 21728 T BEEaas.
> fBla0, BTBEIESXTHAN, RERECTRRIIRES I SRIER SN EWARERINE X KEX,
EETIZWPRIESITXERBE s SBETIREIR, LI, XFET= REERE DSBS
P RSB E AT RN B AR P RV ZE R I, RIS ST IINMSRERLR BEIMER R E I, SC
IR SRRV HEE XS TIF,
> sRIERRE NSRS E T BEHImEZ . XPESIG=ET, (F2E349EE(ESaLL
BEHEFRUAZMRHEEES, (FAAXEERRTFIEIER. MBEMNIAEST ERIZ
ESEESESIZE TR, AFZRasiEz 20 :
> MEERSHEEN, ER_TRFaEHINRMESEBHIEAREENS TRFSE R REF?
> JEEST BRI2RESEA, BRSREENEZ, RLODIEZEEMIBLEHGH?
> ARES T, ESEESESHENERUASR—ERIEEEEREHR?




BAMETIE: MXPESIISIRS

> i BSARSIREIERI R BERRIE:
> ETSIESIRBEREREY R EEEg S,
> B—EFIFALLaVARIREERS, EERRRHEIEEERE FHITEIMNIRIRT &,
> RSP RREProjectord N EIRELSEN, XIHR 52 EProjectoriFH THL145, 15
=//=ProjectorgefiZ G 21d M IR DS B e R AR EE S FRIE= A,
> EIRY R 2 EProjectorFIKIESIREY, BIRIES RESESHIEREN




AEEABHRE

> KR YEHE T RERR I
> RS R + IRSFEH—TH

RSt

> saiFEIEgeINNEE Agentic ZRE
> IR BRI I BT 2RIk
> FeTUEEEIIE
> BHTISF
> X7 ERIRIN SR




FREALBEREE: KBYHEnTREE

> RSPk . (SRR MRENse KBk (RE R™ZITRUESS IR
> EEREGHRMIEEVEZII =, ENIHIERIRFIEIART R sE SR I0K
> REEILRNEE &I T ets55hk B inHIRRG A, REXME ARt
IR AZSHY,
> 1ERIE L EM HH T Reward HackingFIn-Context SchemingBd8E
> OpenAl : OpenAl ol BIHIRERmETTHES.
> ol-preview RENEIL RIS ENEIAL LAY Docker SFHFIHFE API, HAIRAEE
B TRk Gk ESES, SN T (IS BEAR (flag.txt) . ATDEEFF 7 hz L
L EHtEk.
> AR XA EREARIE, B TIRARITIESTR, LI 7 E5S5ET.
> Anthropic : ESEEEENEIZIEY, AILABIAR Eéﬂﬁﬁ‘t&?%%"y‘éﬁﬂ, S
g “KEEXR (248 CHEZETE SRR ERMER.




FFEARBREE: KBHHETEEE Takeaways

> ETIKEUEEHIHEE AT LIE— R E LR SRR rT R T
> IREBAHEERE, IEASALIERREMITNSMAES R, NmEREERTARIIIE,

RO REREHEE,
> [ERY, CoT EfmEEERZONEREESERGIEZE, FEET Al I ETIRE T/
HUIEHRICALEE,

R, EAREYIEIEERIRE CoT SHTHRIRIEHEE, Blin-

~l

> PAM, CoT HARETE MR O]H#
Context Scheming,
> CoT AR HYEIRS B ERBEIHN—ED, HARRIEERM TRENESLHNERTEIRE, &
Bolge<mibTeS ASHIERNB % nE, (BERIiEr s SERERAY CoT AE,
> HIRBIEFRKAIBETREIR (Instrumental Reasoning) BY, BrleestaaEUSIEBLIr LIRS
4R CoT, LSIREEIFRIEE, U, CoT (NENXAHEBRI—ED, FAMCRIRERISCIRA
SCHEEIIRE, RECA e (REESLEA,
> FTHHLE CoT TR THE ,, EELESAI-Driven WWEHEH]. ITELIEIE (Contrastive Prompting) F0
FEGUE (Formal Verification) &J5i%. a0, STLUMEEIEAENEIME FHITHEREES, @l
HEE 2304, s&Z FERBmMeainENi, othiEER 2SI ZIREP Nt 7 BRRES.




AEEARERE: &5 & + IRSFEH—ShREHENR

> RLHFSDPOLZAS ZRESHRAY, B ESEISREE ERN AT ZSESIT=R,

> BR, SESHFTHIERET
> IRSEERIN, B3 _ItlRir RS eeEmiE ASSEERI S RiRIF e R IR
> SZESY REIZIRSER, RSZEEMES, RLHFLARDPOZEGIAERL?
> AERST, RSSESIRSHANER N TR—ERIFERT?

& s EilnAEIESIgE"R, SElany-to-any models5 A EXEEIXI5T




I=SH—e: MBS RIEPRZES] Learning from Language Feedback (LLF)

HBEREFENSIRSIRIFEL

RS ST B A R A R RIFRIFT

> $TXJRLHF/DPOXSTF /o R=1AEAIHEER. VIS, (LRI, IRH MBS RIERES
(Learning from Language Feedback) , A {TEEIHT=ESTISF40E,

& NESKIRT
Fu, BIHER
AESESESIE
RHESSRIXISTRIL

Question: What
medium is the man
using to speak?

Before Alighment

A car horn

- Wrong answer

- Indirect response

_________________________________

After Alignment

|
The manisspeakingover | !

a loudspeaker.

- Correct answer

- Direct response

Question: What
happens before the
woman starts
spinning around?

Before Alignment

Before the woman starts
spinning around, sheis

seenstanding in...

- Wrong detection

|
| - Wrong motion

After Alignment

The woman was in the
black swimsuit, then toher
left, then

- Correct detection

- Correct motion

———————————————————————————————————————————————————————————————————————————————————————————————

Question: Small white toilet sitting
in a small corner next to a wall.

Before Alignment

- Strange shape

: - Redundant content

- Correct shape
- Clean layout

_______________________________________________________________



IESH—B,: MBS RIEHRES Learning from Language Feedback (LLF)

> BdIESRIR (LLF) SRkEIRIFY: SRR ERERERF k. FRIESRIGMGIE
A (prompts) , AJTLMERLEHER FNERENMAN, AakEZEEFINERMRITFRT.




RS HFEINEEERENFT AR

> BRI SESARAEERESEANBIRSFESHMSHIEANE], EBEYESHAMIRS
ETFNFIEEN, LHSMES (ER. XA, S ) HSHEESESIHE.

> pliglige: ETIERSRHHERNISEEREME, N 7 BE—I=SHIRIRGE, BRSFERE
EERIT. BOREMSHFINR, REENPIRES NS RBFRELUKIEHERE,

iRiEIEEE) + SRDIG = BIERSEE. HREELR

Base Model | Align-DS-V.(8B) GPT-40 Align-DS-V (8B)
ARC (5-shot) 32.7% 34.2% MathVista 30.4% 27.0%
ARC-Challenge (5-shot) 21.4A% 40.5% MathVision 62.2% 63.8%

Big Bench-Hard (3-shot) 72.2% 73.4% A-OKVQA 87.9% 83.7%



Align-Anything: i S TCIMBEMSIRSIITFFHE

HiE. B3R, Bk, RE2HE
> Align-Anything EZSZFHESEUESERESNIF, XEBHRMIETRER—FK M. B TlE

IESR(N IR — S D EESHFINER, SRS AKRENITHEM 7R — B RRRRT S

HoEeE: FHER Il_IJII:L ZW!EIU‘
F9400 KRS FF &K

B%: ARAERIEERES. BE
SFT. RLHF, DPOZT 4455

RBAEIERN RS

1RE: FRiE<IRMERARRY
Chameleon, LLaMA3.2-Vision
FHER, FAFEECESE

P FRERIERES.
AR 30T B
TR

FiFIE : https://github.com/PKU-Alignment/align-anything




AERABHREE: :2iHEIHEE Agentic LE

> HEPIRESESLW TR IHNFERAK
> RREZEBEEH FEEIRsE IR eEAgentFIE S5 & 8
» OpenAl Deep Research Agent
» Anthropic PC Controller
> kT IREERERE. KIEME. Tool Use TRIFMAFEES
> AFMICIZERIHkEE E ik, IVRE ARG IR TR ?

[1] https://lilianweng.github.io/posts/2023-06-23-agent/



AERAD RREE: iRERER R EMNRIE - i5SIRBEENST

> RLHFXSEIFTE AT LURTrRENERE, FHHHRS ASSEEFIN{EE—EL

> AT, XEXS AR SRR EHFIITT SRR AERRIL?
> BRI EXRIRE A USSR/ MBI BRREAL S,
> EFEEEUES LRARISTHIESRE R BERHI S5 AR 2T

> MURTZRE, XM "BRYTT" RIPREAIEEZRERITXISTRIRIRIE. KRR GRS HEa
HISTTIFEAATRENE, X—HLSIA TR /9T, (Inverse Alignment) . Ff(IHE—PHRR T :

B RAISEEARINLRMYE, NrinfExdss?

Do the parameters of language models exhibit elasticity, thereby resisting alignment?

Language Models Resist Alignment, https://arxiv.org/abs/2406.06144



MiBseEREIAIRBIREE (ToHiEXIST)

NERERIEERFEIR, FRXRERERENTFTRINE

EReSEEsS
SR
MTTHHERE?
\
e )
SHrRETR: EREIRENR, HEHIFH KIEBIFTERE . BB S BRI KSR,
KETMUERELIERER, B: F=—kx, KEFE T BB B NIRED fipe, ME
Rk, BNSHEEREER, & EXITEHERRY “NEE. NEF" FRMEEBXTTS
REBERFEALZERIES; fop, [T D o, MMiERIFT,

> HEAREK] ST AAERASHR, SEESHEITIGEUREX;

> RETHEr: Zx5taiaioEnntst, —mRaKLEEZIE;

> BAF: XWXERERTTIEREDINES, FEEIRETISSHR Eh

> EPIFIEEER, FEMAIEEBEESE: SR EISER, SR RE T
REEETES T, FUEXOMm, 8 HEXF ENEE.




IRENE RIS RETE

pre-trainingflpost-trainingffiE?, EBIEJIIRHIRIERIST

MER LEE:

E— B REPHHBXFSEABEX, ATEAL
BMMXAIEFETT], BlISMRTRRIRT
FeECELE A&, LARIERESHHINI SN AIEE
RN, THSEBRTX TR XAV IREER
L, FEARMTBRERR,

& KRB F—FrEERS, F)IISGFNXITERENZ
A BB B BRIV SR A TEA S &8 ;

& H4EE Lpre-trainingEZ&ZFpost-training, &
BUNIREEARERER, mLcEBEFulsEa
S miERIANFES ., AMRIHIRE R E;

& Hg LRI IXTHREZEHEY, REXY T
RS D NIRRT EE /NI FEIEED,
HR&EZEILS |D,| /|D,| FEI;



TREPERISCISTOE

> IEMEX3%(Forward Alignment) vs. i
[EIX35F (Inverse Alignment)

> ERENE. REMEAIREEEGH)ARET, BRXFT
(Path A) R TIEMERIFF (Path B) 1B INEZ.

> tEBYEM (Elasticity) B9

> REREHRERIXMEX . EEESENEREIN, RRmE

SURMESERRMEEE TEER, MkER FERSEE,
ZREFIEAL S M REIR B S/ B KB 58,
IRBRERETSREHREIE X . BETN)|IGE0REEINNT, FRmE
SIEMESERRMEEE TEER, mbERl FERSEE;
REAIRBL R RETR) | &R 2 1S 2 iR,



MIRBSR I RS AREEINI ST

MEBAFEERS = - kx BIKIRBRVEE (TuinBXdFF)
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Language Models Resist Alignment, https://arxiv.org/abs/2406.06144



BH1TXI7F Deliberative Alignment

Challenges: (1) SRIRNAEIESRE (LLMs) BRRASHEBEEEANS, (2 BEGIAS
X (ZERBM) ; Q) PREZZEBIRE,

IRE:

> LLMs W/fEFAAEIERTTRERIRRIES A RIS
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XRE5E, MAREEFITLNE,
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Deliberative Alignment: Reasoning Enables Safer Language Models



Deliberative Alignment

Stage I: SFT & Data Generation
» Step 1: Using o-series models generate responses with
thinking process about safe category-based specifications.
» Get (prompt, category, CoT, output) pairs
» Step 2: Prompta LLM (as a RM) to provide scores for
(prompt, category, CoT, output) pairs, giving a'score about
relevant safety specifications.
» Get (prompt, category, CoT, output, score) pairs
» Step 3: Filter and remove safety category in the prompt, get
prompt, output and thinking process about safety guidelines.
» Get (prompt, CoT, output) pairs
» Step 4: Supervised fine-tuning.

Deliberative Alignment: Reasoning Enables Safer Language Models



Deliberative Alignment

Stage 2: RL Data Generation
» Step 1: Prompt a LLM (as a judge model, RM) to provide RL
signal based on prompt category and outputs.
» Hide the CoT process against the RM to avoid
optimization of CoT which may lead to deception,
» Step 2: Use RL methods (such as ReFT) to trainnmodel learn
safer and more helpful generation.

Deliberative Alignment: Reasoning Enables Safer Language Models



Comparison of Deliberative Alignment and other methods

» Training data generation:
» CAIl or RLAIF: Though existence of specifications, but on labels are-used; knowledge of the specifications
themselves is lost to the model;
» Deliberative Alignment: Specifications is supervised by training;
» Inference time behavior:
» RLHF or CAI: No reasoning during inference;
» Self-Refine: Reasoning occurs through structured few-shot prompting;
» Deliberative Alignment: Reasoning over learned safety specifications occurs via CoT;

Deliberative Alignment: Reasoning Enables Safer Language Models



Discussion

» Alignment Faking:
» LLMs have the potential to reverse or undo the alignment process, a econcept we call Inverse Alignment.
» Do the parameters of language models exhibit elasticity, thereby resisting alignment
» Super-Alignment & Scalable Oversight:
» How to align systems smarter than humans and how to aligh.them on tasks challenging for human evaluation?
> Inspirations from deliberate alignment: directly learn.guidelines and try to jump the reward
specifications.

Example of Alignment Faking
Alignment Faking in Large Language Models
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alEDtr: DeepSeek-V3
> DeepSeek-V3 EERISH

> 671B &1 Token & 37B&%, ~5.5%

» 61/ Transformer, Hidden Dimension: 7168

> MoE: 1 MEEZESR (Shared Expert) + 256 B8HEZ (Routed Expert) &/ Token ELE 8 MEHESR
> DeepSeek-V3 1&=H1Z2¥g: MLA (Multi-head Latent Attention) +'MoE (Mixture of Expert) 2844

> MLATEES I NBETERESITERNE, REIRE F RN Mm A SRS R RATRHIERE

> MoE: [T B SR E RS EHI T ERIRF FASRPE(RA A




ESIT: DeepSeek-V3

> FPEEGEHEEIEk + ZTokenFill
> IBFETEE. KA
1B A& FRFP8 SR
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MR SERERE,

[1] DeepSeek-V3 FAHRES https://arxiv.org/pdf/2412.19437v1 MEiES
\ |2 BB



ESIT: DeepSeek-V3
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[1] DeepSeek-V3 FAHRES https://arxiv.org/pdf/2412.19437v1



ESIT: System |1 & System I

> B (ER System 1 BIBEER]gEA T2 ERAYFIER ( “fast-but-maybe-wrong” judgment calls) , RJLAESED
System 2 {ZHIASIRIERNE, HESJHITSRIEE,
> System 2 BIA)EH: FEWIRKREHS: System 2 BiIEHAEHS (WEEEMNFRIERSER) RKBRAM, (BiXF
FiERNTEEZRENRS, BEZ2SFEABRIE (combinatorial explosion). .
> ZibHek: SESHIDXEFTART, System 2 WEREESIFERE, TEESNG A RKIaREZRZE.,
> System 1 B{EF: Rk, ERIAIFIER (approximate judgment calls). :
> System 1 B EERIEHERZC HEFHRSREIEN (EFIRTRYEAZCHR) |, #5380 System 2 iR NERRISEHRE.
> X{#H1§ System 1 gERIERE— N AIgEFFIERSE, BEEXRSHIEN FEBEMISER, MIMIIEEALLE,

It's Not About Scale, It's About Abstraction - Francois Chollet



iFi6: 18EE5Abstraction Reasoning (TR ES + 4%

Mt

> LLM {3PAZ BRI T IR ESS :
> RETILSSEHEZAERR, (BRMAZIRT X F AR
IR EERRESS (Flan, WiRAST) |, iZHEESIIRES:
> AR EET LM NBEEIVARTHS, IEEEERY;
> —HEUSHRIMES, ENEEBKN EEEIEINERRINE,
T ZERPBERZES (Hypothesis: Depends purely on
Task Similarity instead of Task Complexity) ;
> AZRJAbstraction Reasoning: 15 HS4HILS
HITHRIE RIS, E4aE0ERE:
> Typel Abstraction: EFXEERIEIEENE, EREX
YFERYAIRR, MELASHARNER ISR A,
> Type2 Abstraction: System |- 3RaNXSTF 45 EHUHIEES 2% A%,
o] AR TG HE TR RNV AR BRI
> Fast-but-maybe- Judgements;

It's Not About Scale, It's About Abstraction - Francois Chollet



MR EHEF

SEiEE & DS-R1

> [E|f# DeepSeek R1: https://newsletter.languagemodels.co/p/the-illustrated-deepseek-rl
> DeepSeek-R1 5 /RHzE https://github.com/deepseek-ai/DeepSeek-R1

> DeepSeek-V3 ARz ES https://arxiv.org/pdf/2412.19437v1

> DS-R1 BJReproduction Github Repo: https://github.com/huggingface/open-rl
ZIES & £1ES

» Align-Anything Github Repo: https://github.com/PKU-Alignment/align-anything
> ZIEES Align-DeepSeek-V: https://huggingface.co/PKU-Alignment/Align-DS-V
» Align-Anything: https://arxiv.org/abs/2412.15833

oY B & FTUAGIE & BRI

» Language Models Resist Alignment: https://arxiv.org/abs/2406.06144

» sl: Simple test-time scaling: https://arxiv.org/pdf/2501.19393

» RedStar: Does Scaling Long-CoT Data Unlock Better Slow-Reasoning Systems?:
https://arxiv.org/abs/2501.11284
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I8 & DS-R1

Do NOT Think That Much for 2+3=? On the Overthinking of o1-Like LLMs https://arxiv.org/pdf/2412.21187
DeepSeek-R1 i<z EIN: https://zhuanlan.zhihu.com/p/21290410831

DeepSeekMath https://arxiv.org/pdf/2402.03300

Math-Shepherd: Verify and Reinforce LLMs Step-by-step without Human Annotations
https://arxiv.org/abs/2312.08935

Kimi k1.5: Scaling Reinforcement Learning with LLMS: https://arxiv.org/abs/2501.12599

Stream of Search (SoS): Learning to Search in.Language https://arxiv.org/abs/2404.03683
rStar-Math: Small LLMs Can Master Math Reasoning with Self-Evolved Deep Thinking
https://arxiv.org/abs/2501.04519

Parables on the Power of Planningin.Al: From Poker to Diplomacy: Noam Brown (OpenAl)

https://www.youtube.com/watch?v=eaAonE58sL. U

OpenAl “Don‘t teach. Incentivize.” https://www.youtube.com/watch?v=kYWUEV_e2ss

In-context Reinforcement Learning with Algorithm Distillation https://arxiv.org/abs/2210.14215



MR EHEF

SEiEE & DS-R1

> https://blog.ml.cmu.edu/2025/01/08/optimizing-lIm-test-time-compute-invaolves-solving-a-meta-rl-problem/

> EUERZZAAIERR: https://www.lookeng.cn/2024/10/15/lean/iclr2024formal-proof-lean/

» SFT Memorizes, RL Generalizes: A Comparative Study of Foundation Model Post-training
https://arxiv.org/pdf/2501.17161

» Demystifying Long Chain-of-Thought Reasoning in LLMs. https://arxiv.org/pdf/2502.03373






