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DeepSeek-R1 HASIRLINFF PRI BEBILFIAR
> S a KRYEIERE N S A EEFES], DeepSeek RIESZFUES ERINE R, M /AFRIUHEINX
—BiEE, InSEFEAXESFEAREL (40 OpenAl ol &%) AUESFHIEE 7 XEE—F.
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[Ojfii: Pre-Training Scaling Law

> Pre-Training Scaling Laws: i} ||Zx&E
B SZENFIEEEA/N\DZERIXER

[} 4
« Scaling laws: TEA4RAREYN)I|ZR2 4T 2 MERZINIIR.
- WFtRE C RESHENNEIEAND, SAZHEHMEMERSILN, S5
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Compute Dataset Size Parameters
F-days, non-emt ling tokens n-embedding
Z0 |\ o Lo = S(True) “Irreducible Loss™
L(z) = L + (7) ("‘") ~ Dy, (True||Model) “Reducible Loss”
OpenAl codebase next word prediction
Bits per word
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Compute

H FIOZMERBRIISR, iE TITEEC, =

]I Compute = 6 * Parameters * Data

* Motivation: Efficiently training LARGE model

Common carbon footprint benchmarks

I o5 of CO2 equivalent Expensive: Training GPT-3 required at least $4,600,000
Roundtrip flight b/w NY and SF (1 1984 . o
passenger) | ' Extensive resources: many training data, large network
Human life (avg 1 year) 11,023
American e (avg 1 year) i 36156 Bigger models, more data -> usually better performance
US car including fuel (avg 1 lifetime) - 126,000
GPra
T5 03,617

| S C~6ND

Increase N -> better performance This formulais useful!!

C = number of FLOPs (computations)
N = number of model parameters
D = amount of training data

Increase D -> better performance
But we have a budget on C ~6ND
How to maximize model performance by allocating C to N and D?

[Data Source: (Strubell et al., 2019)] [Data Source: (Patterson et al. 2021)]
Jared Kaplan, et al. Scaling Laws for Neural Lanquage Models.

T
EIg—MREAE N=10"9 (10Z18%) , FREIISKEENMNIRE D =10°12} (175127 token) .
o @EAAR C=6ND, BMItHEHRE:

C =6x10° x 10" = 6 x 10> FLOPs

XERPBIGXMEE, KABE 6 x 102! KIMEE,



[Ojfi: Post-Training Scaling Law

> Post-Training fER, BEHIIGATEE (RERLAYTrainingBtER) #A Test-Time i1HE
(G40 Test-Time Search) AEIS, 1REBUERE (FIUNEFRIEIERED) BEEZIRHA

> Post-Training Scaling Laws F JlI&BYitEE 27 —/1MFRIZEE: Self-Play IRZER LLM
Inference BSiTEE

[1] https://openai.com/index/learning-to-reason-with-l1ims/



[OlpR: Post-Training Scaling Law

A 2B EZERIE: Scaling-Law ?

> fEEREIRT TG, FullZRMER2S44 Scaling Up r+§EE’JJ_I!a'lISIﬁJ=F!IE‘ B, WNREERERF
AUVHETEEE RN FEAIRERES ], %?RLE’J Post-Training =Bk /9 F— 15 .

> BElFREE *ﬁ?—?ﬁf@l'ﬂ%ﬁi{w/ﬁl_wm RETSEDMEHTEIENBEEIE, NRNENREEMN
AT KRESEHIR, IATEEERES L RINEA RS AR, FTLAFEESHEMY Scaling
Laws [1].

]

Comparing Test-time and Pretraining Compute
in a FLOPs Matched Evauation
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[1] Training \erifiers to Solve Math Word Problems 2110.14168
[2] Scaling LLM Test-Time Compute Optimally can be More Effective than Scaling Model Parameters



DeepSeek-R1 EZAZtF: DeepSeek-R1 Zero

DeepSeek-R1 Zero: TEMERIEASFT, R{CEIIREAIEHEIRIRE

2= wYWUIESE77)

DeepSeek-v3-Base Rule-Based Reward
(671B) e - DeepSeek-R1-Zero

HEEE ORI ANIRER (L F S

Large-Scale Reasoning-Oriented RL

DeepSeek-R1-Zero average length per response during training

Model AIME2024  MATH-500 D?:;%i q Li;:::}fe CodeForces _
pass@l cons@64 pass@1 pass@1 pass@1 rating f: -
OpenAl-01-mini 63.6 80.0 90.0 60.0 53.8 1820 ]
OpenAl-01-0912 74.4 83.3 94.8 77.3 63.4 1843
DeepSeek-R1-Zero  71.0 86.7 95.9 73.3 50.0 1444
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DeepSeek-R1 EZAZtF: DeepSeek-R1 Zero

DeepSeek-R1 Zero: TEMERIASFT, MR IR IRHEIRIEEY
> ZENEIE: EFFNAYEEMHE) (Rule-Based Reward) : EIRERAZM) + &=\ 30D

> ERRZRIZED Accuracy Rewards: I EZ =25 E21EHHHY

> PRI EIFormat Rewards: HifRB4 s =T FEE <think> 0 </think>
> B #EAReward Model, EIJORMIIPRMEEE T MLERVERRI BEE =Z reward hacking
maretraining reward model FEAXENITRRIR, ARSERUEANIE
> i8R : SR REER Thinking Process, HIEMEZIREIENRLIRE FHERD

EFHNAYEHED (Rule-Based Reward) : /EFFERIZHE) + HFTUAZID



DeepSeek-R1 EZAZtF: DeepSeek-R1 Zero

DeepSeek-R1 Zero: TEMERIEASFT, R{CEIIREAIEHEIRIRE

> HE
> BEERCIEFASelf-Evolution: FEE

AR KRR ES) . HIEXSRER (GRPO) + i Reasoning HEFR(ESS
OIS, #ERIAYthinking response length &

BEI0 (XJ M test-time computation increasing )

> Aha moment: BASZSIENNE SHUHEE

Question: If a > 1, then the sum of the real solutions of ya — va +x = x is equal to
Response: <think>

To solve the equation va — va +x = x, let’s start by squaring both - - -
(Va—Vats) =x* = a-vazx =+

Rearrange to isolate the inner square root term:
(a-x*)? =a+x = a®-2a’+(x?)? =a+x = x*-2ax?-x+(a®-a)=0

Wait, wait. Wait. That’s an aha moment I can flag here.

Let’s reevaluate this step-by-step to identify if the correct sum can be - - -
We started with the equation:
Ja—Varrx

First, let’s square both sides:
a-Vatx=x> = Va+x=a-x
Next, I could square both sides again, treating the equation: - - -

2

“Aha” Moment

ndE), RETHTTCRIZER. RREMSIE

DeepSeek-R1-Zero average length per res ponse during trainin g
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DeepSeek-R1 EZAZtF: DeepSeek-R1 Zero

DeepSeek-R1 ZerofXBRT

> (BRARLHFSESRT, SFTEBSHIANZEARIRRI—E, EiZ2iE5S%AXEA TiRERYEHERILIRE
VIFEEEMEEND (MMNEXEESKE) | AEBRERLRE—S{LIERE
> DeepSeek-R1 ZFIBHEXIFAHUEA TR EEHRAKER
> TEUEENEIPSRENSFTEIESE, MEIMREERERUMNEFHITIRR
> Kbt YIFEETEKEEIMESERT, BEARMIENAERRERE— JFahEE.
> XMEEEIRAN, MIHETKEIRERA,
> BEENE, TLRIsEEAIRERRORIERR, AT TIREREIUATRE.,




DeepSeek-R1 EZAZtF: DeepSeek-R1 Zero

DeepSeek-R1 ZerofXBRT

> BEMISFTHER, BEiFcA%EFESIGRIEEREDBFER EBHER TN MEEZNE:
> REEIFERIBEERE: EEMRA (DeepSeek-V3 Base) il 7 XA REMRENIHIE
(671B 7£14.8T mEaE Token Li)llZx) (EEEEEANAFIEAE LR, the—&
THEFIFR/IMEBYE T Aha Moment 1835 T AMERLANS REHIELGE) |
> KSR ZEINIE: GRPO TR FESIINEAIAL ;
> MR : ZodZpIPaEnR, (EESm TR REe LARTT Bt imciliSiE
(Self-Automated Verification and Annotation), XE2S5—AKIIRXFIE(EIERESAERY;




DeepSeek-R1 EZAZtF: DeepSeek-R1 Zero

DeepSeek-R1 ZeroRfIKERZ: 6l - BEl{EinicFIIEIE

> TR w5 python (RI8, ZNEBRBEFIIZR,
> BEEeIESA:
> PR eERE N EFHERE AN,
> HiTPythonX S EIE TIE N I RS I aE T
> ﬁ)ﬂ@l‘ﬁﬁﬁiﬂﬂﬁgﬁ?l‘ﬂﬂ?\“iﬂlﬁﬁ;

FRHERR IR

63;

A

SRETIARIN 42,

> EErLIEH—F, MENITRIE, F)lZndiEaniteE sifReE,

L,U:i’/J_JL)J’IEjQ/J\TttEIJIIZE (Mini-Batch) Fi&EZe) |G 2RSS




DeepSeek-R1 EZAZtF: DeepSeek-R1 Zero

DeepSeek-R1 ZerolIXiERD: 2l - BEIMLIRICTAIEIIE

> BB TRE python (XD, 1ZUIBRAEFSIR, EHEFINFRE], EHEESRN 42,
> BETHINFETIGNE, FFEMini-Batch/i2HZENEE,;

Large-scale Reasoning-Oriented
Reinforcement Learning

Large-scale Reasoning-Oriented
Reinforcement Learning

DeepSeek-v3-Bas
DeepSeek-v3-Base DeepSeek-R1-Zero eepoeek-vi-pbase
Training step 1

Rule-based verification
passes unit

DeepSeek-R1-Zero

Solution score (reward)

Is code? Is python? Training prompt

G tests?
Training prompt Wiite python code that takes a |here's a joke about frogs | Low
Write python code that takes a Generate 4 |here’s a joke about frogs | X list of numbers, returns them in a Model checkpoint
list of numbers, returns them in a Model checkpoint x ;Dﬂeﬂ order, but also adds 42 at under training Low
the start. def sort(a) L
ow

def sort(a)
Update the model so its less likely to output low
def sort_and_prepend(a) score solutions like these and more likely to
i V output high-score solutions in response to such
a prompt

def sort_and_prepend(a)
sl

[1] https://newsletter.languagemodels.co/p/the-illustrated-deepseek-rl



DeepSeek-R1 %A Pipeline 255

> DeepSeek-R1 Zero RAJER: KEIEIRERZME. ESEE, BENHRK
» Research Questions:
> BEE{EZeroE N FHRIMEIRIEEERIRIRT, EFHEEIRVBENIEFIZ 21E? FIa0~=E
Clear & Coherent CoT HEHEIIH1BHEENRNRE R1;
> BERFIA—YERERBHIESEM Cold Start MTIINER LAIULSIELES BIHEFHHEIRZRIN




DeepSeek-R1 %A Pipeline 255

DeepSeek-v3-Base
(671B)

HEFINAY2ERE Rule-Based Reward 1
IEFfs R 32 il A !

| IR A RIESELES) (GRPO)!

1 Large-Scale Reasoning-Oriented RL 1

DeepSeek-v3-Base
(671B)

J

l S 2z5h Cold Start
! WEIIUE REHIE

HEER9RIDHY RL

. .
| |
| EHEER ﬁ%ﬁami
|

| |
| |

[ DeepSeek-R1-Zero J—

Intermediate Model
(HEIR 5% A 1524 BB 5)

Stage |: #EIEHERSEME

RIS SFT
| 600k HEFBHIE

: (Rule-based+Generative 2Z[f)
:
I

200k 18 F 84z
(Writing \ Role-Play etc.)

——————————————————

245 RL All-Scenarios RL
HEIR(ESS — ANEZ )

I
I
I
I
I (Rule-based Reward)
I
I
I
I

BRES - RIFER
(Reward Model)

[ DeepSeek-R1 J

Stage Il: BB gEN& T £




DeepSeek-R1 %A Pipeline 255

> 12 BE) Cold Start
> EUfEIERR: few-shot long cot data, F4H T/ BFIIGUERIBIRESS
> WEEISIE: AAZSTFREE Rl-zero £ EEHLE®E
(Chain-of-Thought, CoT) #dE, =B HEARIEIXZ] 10,000 Token
> FEE: 12— Human Prior \ BEEATIESHNENIES Y. T
M AIEAHEIERE A,
> IR AHIRL Reasoning-Oriented RL
> IBINT KMERRLINIZIZSTE: FDeepSeek-R1 Zero EAR—F, +*
BEREEFReasoningdY8e 1, BiFEcoding \ mathematics \ logic
reasoning ZFrix 8 BRI REITIERYA) T
> 1 BE—E3ERm): 5|\ language consistency reward = 1<HEIRHE
Y (BEITECoTHEEFHMESAIGELY)
> HETE EIRZRAZMN : 254 accuracy of reasoning tasks and reward for
language consistency
> B3 : 1Bid GRPO , 1REME AIME 2024 FHFEE TS TEZE
127+, pass@1 M 15.6% 12EE 71.0%, It EBEREEEARIER
MRS, RIIHEEANZEERM.

DeepSeek-v3-Base
(671B)

/& EEh Cold Start

WEHIUE REHE

HEIE9OHT RL

IEFRRER  RiHIERE

[

Intermediate Model J

(FEIRHE AL S 5E)

Stage |: #EIREERTEEME



DeepSeek-R1 %A Pipeline 255

> IEERFEFI2FHsESFT Rejection Sampling and SFT

> B E— 1ERRLKENZ [, B TSFT BRI S SFT

|
' I
|
> FIZBiCoId-Start AUEUERR, IXEBH SFTEER M= L il GO0k iR :
{53 : (Rule-based+Generative 3ZJ) :
> 600k HEIR(ESS: (1) EFAINIBYRED (2) FB AR ELES : 200k 18 F % #3 :
o4 R . (Writing \ Role-Play etc.) :
> 200k 1BF{ESS (writing \ role-playing \ general-purpose) sz :~: B EEES T T T
> R (EREEEIEAC O NRIORTHE T, BESERNENEAR, SUELRL All-Scenarios RL
ERMERS. HEFR{ESS — A2 o

> @ilRL RL for all Scenarios : - -
> W—HIRFHA T reasoning 8GN ZHMEEN EAIZR S 1 e iele
> XgTFreasoning data, B LARRBEFHLNIAIIZ ) L e e y
> X9F-general data, B LA R REL KR AL RIFEE] [ ]
DeepSeek-R1

I I
I I
I I
I I
I (Rule-based Reward) [
I

| |
| I
I I

> B BREZRRRANRY R1 AMNEHEEARGIERE) _ LikE) 7 =K,
HEEEL SR EMEE,

Stage II: BFAgE D& T2



DeepSeek-R1 Takeaways HIAE R E4:: Part |

» Pure RL to Develop Reasoning Capabilities:

> T XRSIERS BRI

272, MDS-R1 Zero B IS ERIEASFTIER, RIBLAIUREACF

JpNigH, XtEaFLATILA:
> RREISIEAIEEEIRE: EEARE (DeepSeck-V3 Base) #Bid ¥ AN REHREDEHE
(671B 1£14.8T B=Token LillZx) ;
> KIMERZEINNS: GRPO T E&UESGHILIL,;
> FRNMEIRZED: SRERmMEPaEInE, (EEEm TR RE LT EtRicHESIE
(Self-Automated Verification and Annotation), X2 5—RHIFF IS /EERTESAEEY
> |EEHEOEE, #EEHTthinking response length IFEENN (test-time computation increasing)

> DeepSeek-R1-Zero BB

FOBMTNRRISE, RN IRRE RS

> SN NRUREIMERUIGEINEE, BRI EE. IR, BIrEdEsnsr)iziE

> REBGHELEZE

HimFRL, (BRI SIIGAIFSFTRIGEERYHAY

> BUFIRAFARREETFRUNESE. FEABFERIRERETR, BEaLIeliEE

JthiEsE (L SIFRT

R RYSEIEIE

57D, iZCEIEfthenis




DeepSeek-R1 5 AZIF: S

> AARRLEER 7 a2 iE)|

SHIEHIRE DeepSeek-V3

> EEEfERY (DeepSeek-V3 Base) #8id T ENREFMEENIFE (671B 1£14.8T BFEE Token L)l
> BT SEEITF System | BYZEILIFAY Prior Distribution B, [FHIRLIRZITEH
25BN EFR R AR RAHETR BE DRI ERT

75)
SSRGS

> DeepSeek-V3 {KEA (5,576,0003E5T ) HrRimiEsiieR
> MOoE Z8%4 671B jE{;&37B \ {85 Multi-head Latent Attention (MLA) 2844

> 20483k H800 i1&: ~54%

@ DeepSeek-V3 DeepSeek-V2.5
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MMLU-Pro 5PQA-Diamond MATH 500 AIME 2024 odeforces
(EM) (Pass@1 (EM) (Pass@1) (Percen

Claude-

Training Costs | Pre-Training Context Extension Post-Training | Total

in H800 GPU Hours
in USD

2664K 119K 5K 2788K
$5.328M $0.238M $0.01M $5.576M

3.5-Sonnet-1022

(Resalved)



DeepSeek-R1 ZAGfr: RL M5 THI Length Z{L &IFEIEETEIR

> KAUERLAYIFF T, DeepSeek-R1 Zero ZRIVHEHETR(ESS B4R ERNBE A <FDBEIN
> REREZEINR, HIURMCABHRIZE. RIFPASE. NIk, RESESHEESIIS
> REVDERRRZ ISR TEAIRRE IGIE. B, 245 REIT8eER
> QA= H S RARIEERfSHIresponse IXERESIRE LT, AleesHIIREESWIE. &R
UFATELNSMEYIE R (REINFORCE ZRAIER; PPOI)||ZiaEERIE)
> ZIEE 0 Re 2R ATIGEUERZESAY, "—WEMZ" # Tokenization, AEAVSUEEYA

— \£= f q = KE ﬁ H{jﬁ*&_}v train/response_length
H lI:l /. éﬁ:ﬂﬁ_ AE M NRA ? tag: train/respon;e_length
DeepSeek-R1-Zero average length per res ponse during training response_length/mean
12000
000000
8000
train/ret
6000 tag: train/return
00000
l’) 2 0‘0 0 4 0’0 0 60‘0 0 80‘0 0
Steps 100 200 300 ( (
P »
DS-R1 Zero KE BRI SR HXEMER 1 HXSMER 2

DeepSeek-R1 KEiZEI : https://zhuanlan.zhihu.com/p/21290410831



DeepSeek-R1 1EAEIiF: GRPO I{EERL-Scale

> GRPOZUEE S EIIIRS/MEEMEAIEFE, FTERFEARMBERIRMFRMmTES, AmER
T ERERBIUAE ZPEEERSRBEE VBRI THeREL,

> KIBERHE RLIZRVITERS, FERTEseRIERE RS A R I BIRES,

> BRI, 5 RUIIGS, WHERERESHRIRREEEHEHRNXD, EINTESEN
iH#E. M GRPO EAFIFIRHENAVEXIERRIGITESZ:, 5% 7 ERICritic Model UFRE,

> Ik, GRPO ARSI N T —LEEIMOL RIS CZRIFEFISRIRRED), 12|58 EE.
» From PPO to GRPO:
> PPO {79 Actor-Critic EA# ] iZI=FF Post-Training, #z/O Bin@as XMW FERIBEREREL

> Ho, moRl] Mg 9 BIFTTRSEIARASIEEIRI ASRASIERY, g, o IEIEREIREEATI FSRHR g0 R
SEEER KR, A, 2T URBET (GAE) THERIRE, T RRRA () 12
SRMERE Y, . B, PPOBERADGRIERANERS. SEERMERIS EiL,
TR A RS N R R 1 58 S K LESIR




DeepSeek-R1 1EAEIiF: GRPO I{EERL-Scale

» From PPO to GRPO:
> PPORYMMMERZIER RS RIREMEEIAVERE, Xk TEXRNAFTERIE,
> REREERE S FYINRE—METsBckh, SEFETINMBRERIIGS R,

> GRPO: FCHEGEPPOFIMAIUMEREL, TEFBRE—IaE NS Rkt a IR EEZ, BN
=, XT8N, GRPOMIBREET g FHRF—HIH, FEIEAULAT BRI REEERE.:

> BUBMEENANTENSE, SRMRBEMNLLER (BEEFE—a=EnEmEbEildg) XA
32S, 5, GRPOEFISHRIFEESSERBIPMKLAEFAENBIIAIRKRE, MARSEE
RENTE, BT ABENITE.

Joreo(6) = E[g ~ P(Q), {0i}{, ~ mq,,,(0lg)]

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



DeepSeek-R1 1EAEIiF: GRPO I{EERL-Scale
» From PPO to GRPO:

> BEFERIENGRPO: 3TFE1Nafq, MIARESEE . FE—HEH {04, 02,03, ..., 06}, REHEELS
BRI (1, 12, 15, - T} . BBIS, 32 DLLI)’JZ%QHPEIi’]E?fFB?LM‘T\/EEL_UU —PG ZRINER
JA— (LSRR EI D ERLE ’EAEBJH:.'E’JEEF' 187T, FEREIEITTRIILEIR ZIA— R ;

> BFIRERENGRPO: SRINE(URMREREIIRE, NERFAESHNRBIESAE

> XYl q FORAEEHIL {01, 02, 03, ..., 06}, IERFMEEABNEREMKR: R =
{{rllndex(l)’rlmdex(z) rmdex(Kl)} { Lndex(l) mdex(Z), : ,rGlTldQX(KG)}} EFlmdex(])xE%]yEI'J;E
FEIRTES|, K2ES i M HEHEsE. 3 —1{’,}: MBI ENEETTRIT IR RN

__ =~ __ r;—mean(r)
szt —Ti= std(r)

BEF EREERNGRPOMMBEIKT
Az’,t _ Z ﬁndex(j),
index(j)>t

HF 3R EMNGRPOMKEEIRIT

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



DeepSeek-R1 Takeaways Z4 Part lI

> DS-R1 Zero BTN ERESFTIEE, B AR EIRGE. XFHEEFINHEI, MY
TE S AENIFRERS, MEIHEEE BHMNIRZERRERNBE, MARRTITIRENERIVAT
R, XUFERERZES FHIIREARYZEENFIIENEES].
> N T RS GRPO BB NFRREIIZF2EM:, DeepSeek R1 AYi)IIERKFE T MM ERAIZZER (L
intE.  ImEfRE (SFT) —EmES (RL) —» BIXSFT — FRRL?, BRERR T EFat=
SIRBE SR, WEREFIZ =@ 45 ERIARET.
> SR KR BISIEFSEHEIREE] . HEAEFSCIREFRY, MEaRLYIZG+h BRI HREAY
> BISERIERETEMRATEZRI, SAcEanhiGitE cPEER S RERIER, X
BN, SRENERCHIEREIE, LIBRESZAVERM.
> REBERIEEESEMNER CZRBEREE, FRIBEENEEHTEIE, HAT—=F
£EESIR, SREBEZAENER, LUME NAAEIERFNEIR.
> MIKHEEIREGE AN MEEERANER SR, FEEZoREZNN, XX TRR—
LR MEEC BB EISEZNRAEXER, TSRS HEIRH,
> S BILRLIIGEINISE:
> B8 RLIIIGHIHARIATRRE, (FEREEE% B RIH NRERD I,
> BROEINE RLIIZRAIKER, FaFS)||2x0(8];
> IEetREEHRY e, ROARIES RS ERYER.




DeepSeek-R1 Takeaways Z4 Part lI

> A RGRIRLIS::

> IESBUERRE, LEREREESESINGE T THEEN, HIES RS,
> XUHEEEE R R ER TR, AR S | SRR R EINGIE. ERRHEETE.

> SEiRiC: FRIUEREE. BIMR S,

> ZIEASED: FETUSEISEENREEIRUAIIS M T IR/ a8, XA/

R E R AIERLA AN N EE NG
> BFRHEEN SRS (GRPO) B S MEREIHAVEFE, FirERENAIEXIREIR
(HTEZ, MMER 7 ERREUHUE P FEEASREERIMER IR
> B RLIIIZRRYTTERA \CRIEEA BET A 20 IR 5RER

> REMNEIRNET: FREHEEGEDHIES—EIE

> RIS TAEE), MMRIEREIANMNEER IEft RO, ABEBBLANGE. Z1EhIS

USSR
> IV AT EsRE SR A E T

SERRER, A <think> ] </think> 1R&55k 4,

SUHEIRITE, {5 <answer> #[] </answer> IRERERREREE,
> 1IBe—EHEERD: ETITEEIBRYREDFEHTSMESRY, SRR AT st ER—FHE
MBS HTIEIR, M\MRIEEESHARE S XAS—EtE



DeepSeek-R1 {1 &SME

> ﬁEMnu

AR

EIBSIRMINRARE, T
U, IMESHHERRITRE SRS RE

RAYEIA D AINERLZER: SIESREHIR,

g

P~

> EEMEFIEEARE: KA AP+ AMCATRE "B e Lz e FRIER HYRB S =,

1813 Prompt Engineeringf1RAGE

ALV S IHRAVRBEE SR EES, FINEV T

SHIZHEGHIRR, HRSIECES MR TSGR,
> RAHIZRIRIZSRENRAIBNRIEIA S | RHIREHRIISR, RN/ &‘?")\*ﬂi&E’EFF'l‘.‘E

500 % 35

BNEERHR

N, 758

, I XEITEASERR R IR AIR 7 S LASE
IR, B—ICRONSRAIN

SUESEZEL
> R : BEERE ERDEAFRML, F

SRR,

Sm

UNEAFIN AT RBSLISEIRZRRET

AT, TOMIKHRRE, 17ish

A=Y AN ‘TEEI’JngﬁﬁZ‘Z '3’9%)?&

REIFR SRR, TTHREEMEEIEIREE B LIRAT S,

> ﬁiiﬁlﬁfbﬁ

= aw ad: NV
> na&ﬁ']?ﬁ EBRENE

XAEIENTE. R HRAYKRE

PHEFIRNIER, §

ERf T4

HiRSSERTS, KRG [EZ1IRIFIBAFIE,
SHIZE R AR,
RiF>rF ~, BiRIEEL, S TEORY "RiET" BRH




BANLGITE: Kimi K1.5 Moonshot

K1.5 ¥ FBIEXACoT RRigIRAdScalinglagR

> FIA RLIRZER: Kimi k1.5 BUOBERAEEAES, iHEEETRE (RR) REIMR0IREAYEE
1, MAR S T 5HSEEEE.

> KX CoT B RL: & RL AKX ACoTHEIRIE, ﬁﬁmﬁgfﬂﬁ_ TERN. EEZHUEE,

> IEEHR : EEEIN LTI KE, LHEREAERL CoT USRS Tiataoikl. REFEIE, TE
BXAVE R MEREL,

> tﬁ}tzsﬁ‘ébz%*’f‘ﬁ' ZIORERE KN A sE I 2 =3)|Z

&7.]? E,J-Ul =

~ ~ .
> 'l'xYZISKUﬁuYZF BT A CoT fRERIESFE A CoT TE JEI’:'JlJ ITE&IR FA
= H XV =Y I
1SERIFRYMSRE,
@ Kimi k1.5 long-CoT OpenAl o1 OpenAl ol-mini QVQ-72B-Preview QwQ-32B Preview B Kimi k1.5 short-CoT [ OpenAl 40 Claude 3.5 Sonnet Qwen2-VL | LLaMA-3.1 405B-Inst. DeepSeek V3 Qwen2.5 72B-Inst.
Code Vision Math
962948
90 906 94 94 -
e & ®
&
74 4 74.9
n N4
67.2
63.6 6? 62.5 ® & |
7 531
&
40.6
L
AIME 2024 MATH 500 Codeforces LiveCodeBench v5 MathVista
(Pass@1) (EM) (Percentile) 24.12-25.2 (Pass@1) (Pass@1)

Kimi K1.5 Main Result Kimi Kl 5 LongZShort Result



BANLGITE: Kimi K1.5 Moonshot

> B ER Pretraining -- SFT -- Long-CoT SFT —RL

> RL Prompt Set Curation RL [B)RRAYHES
> Diverse Coverage: j#Z=STEM \ coding \ general reasoning BYZ54E
> Balanced Difficulty: EEAEAIcomplexity MEE
> Accurate Evaluability: BETE#E Verifiers /EFEIET, MMBGLLZA0H —LEreward hacking #0 superficial
patterns BT /9
» Long-CoT SFT
> FHPrompt Engineering 1& ¥ — 1 &/&ELongCoT warmup dataset
> &7 /AT verified reasoning paths for both image and text inputs
> 855 7 planning \ evaluation \ reflection \ exploration ZFi5EI

Rollout Workers || weight

reques
Replay Buffer

——7 weight flow
—> data flow

iteration N
rollout worker

from
promt——® ——@ ’_9'"‘. save for
set — e _Q----i partial rollout
'

_________

Code partial rollout

==
E- —
g|l&

&4

normal stop
by

t by length

K-12 cul
——3¢ repeat, early stop

Replay Buffer

(a) System overview (b) Partial Rollout

RL Infrastructure System



BANLGITE: Kimi K1.5 Moonshot

> 8BS M In-Context RL BIRBERA, BiD)IExEE approximate PlanningAuidFg (fIa04&Search
/A, state ] value FSE&BMI Language Tokens)
> SRS : E1=EAk Contextual Bandit, B REINFORCE ZFmH{T{/IL{t
> IKEES: SIANKEESITE, LR RNTIKATHERITTRE, REITERE,
> OverthinkingBY479: RIS EIIFRIFRIN, (BEST>Ktraining F1 inferenceld 2R AHIIRFE
> SKIFRM
> #2533 (Curriculum Learning) : tRIEARRAVER, SiEEE=ISZHWIF, BIEHSIA
SEHRYGIF, XFPERFRHELY S B TR E I EERTR,
> fLS%EKHF (Prioritized Sampling) : ARHERIRRAIMEE SR B XS AR EEFEE SRERE SRR,
TREVENA T REEAPEEEMERY. B ERELAERIIERR, REIEE,

~ )

len(7) — min_len

A Ifr(z,y,y*) =1 here \ — 0.5
min(0,\) Ifr(z,y;,y*)=0" WASTE A = 29 hax_len — min_len

len_reward(i) = {

KRGS 320)

SRR R EL



BANLGITE: Kimi K1.5 Moonshot

> Vision Data f3i&
> HEHREE 0FESNFRNRIFAR, XEnREZEFIEFNEERE,; TEEEEN R NEERE
NEMEEBESS; KPR EFERBEBIEIEDITESE. XEEHESEEA 7 IREEESCHFIZ S PR
THHETEREN.
> SREMREERLSE EATERDN, SEEFACCENEGIITS, STERESFEiIUTIEEREe, flaniEE
FEXR. JUUENMRRRE. XESASEERETIEHNE, AT NERERIMEIEsE D, FEaILL
ToPRAERGIEEHER.,
> NABEREE 2ETEXFASEGEAMNEECEN, FREEBEARARIES MRF RIS IEES.
BT AXHE. KBRENGSEGSIREIRAIEG, HIFREETCEEINEANFEANLEEE R AR
XA, #EERM—EpmE, XA TG R ENAFEREG (WEE. &8, oXF) BREEN.
> Long2Short ik
> EBIELE : IBIKSIA CoT BBLFIRESIA CoT BRI E T, BR— /M EhviEsy,
> ERFEMREF; Short Rejection Sampling: MZ M RIFERPIEFERE BIERINES RSIHSFT
> DPO (Direct Preference Optimization) : RS CoT B4 B RIS =AE ARIFEIESR|15Short CoT 1REY,
> Long2short RL: 7EfnE RLIIZGS, (ERKEETINMREEITRVE, H—PRERENA CoT =BT,




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

> “EFBRIERLAYGETRAVEFT, MCTS # PRM ;2 E#{ER (Reward Hacking HI&E)

> MCTS %—%EIJ Structure A* ’@,,—LE'E Structure, AFIHMAN Inductive Bias 383KLL M3ZRRZEFILFcISH

> PRM @%«'ﬂ;‘z Reward Hacklng, B #8338 Value ?EX’E)&E%
> Kimi K1.5 EZ2M In-Context RLBVBRE X &, B2
Search/A, state [ value ZSE&BMI Language Tokens)

> DS-R1EMARLAFE, FH GPRO + Rule-Based Reward (EiEEEIEESN
> ZIOWE: AEREREME T4, REAREER, SBBARGBIRENY T, BiJIAAXE—

B Kimi k1.5 long-CoT OpenAl o1 OpenAl ol-mini QVQ-72B-Preview QwQ-328B Preview

Code Vision

962948 94 94

90 90.6
88
& & L
5]
5744 74.9
FARVAR:S
63.6 o7
62 62.5 & |+
- (5]
[ 531
®
40.6
L

AIME 2024 MATH 500 Codeforces LiveCodeBench v5 MathVista
(Pass@1) (EM) (Percentile) 24.12-25.2 (Pass@1) (Pass@1)

Kimi K1.5 Main Result

MAYERE, EEER. RZ, MRERE—THRE, EiFﬂifl'f' 7 ﬂBAE?:"ﬁthE’Ea. EE-’:‘“

ppppppp

DS-R1 Main Result

£ (Flanss

pppppp

SWE-bench Verified



AR ELIdE : Kimi K1.5 vs. DeepSeek-R1 Comparison Takeaways

> GRPO : FlAE—EE N KiFmHi IR EAESZ, NAFIIMTIMEREL. XFlH)
B EAENAIVTRNSE, SRMEEETE—A@AYS S ECBIIGaSERARE. o,
GRPOEISHRIFIRE SSERBNKLAE(FAENRMANGKEAE, MIEGEEARMTE, &t
TIRBERTEERE. XESCGRPOEANBSRUCFEINESF, 15 ELESRATHER(ESET, B8
BEEIUHALARIRREE, RRFRS0TEIER.

> Kimi K1.5 AV FMirror Descente] LAERIEZEIREMENER, (B RIS 2R TSAVTE R
ZE, NZEINRRE. IOUE. BRIMFT ANk, BT RE BAMIRZREIGUE. B, B4,
RERTHELR, XENTFiRERETEEESPHNERINECERE,

> [E)llZxPipelineXy FEFHEEUHEIERE DRI EE M AR 210,

> FEE N ERE DM EIRREDANEIN, HRIEEZRScaling Law, 1REIFIRIVEHFEUERNE,
> IBRENSIEEEN BEBET 2355, FEMESRBH, XEFR TR LREZINRER, ZLRSER
B98N,

> ERFERR, YWiRGREFRZIMERNZMINGIASEEZEE, EEERKESIHERIFRZRZ(E
IR, Gla0, FIXT—1NFINHRH TN IE, &aFE— T EEREEME— 1 REREENER,
EBE G AN TFRERERESENER, REEEFRERSZAIEER, A, NEEKEN
BERE, BEEREISERNE RS I SHIREHNBFREIENTE, XMEFREENFILINE
KAHEIR R R R R AR ONEIERE N R E E,



BAYNLLITIE: i BifEIEIRF - Pure RL vs STaR-based

>[olm: STaR
> TR FCUREBEEE(NA [Question, Answer] , BE5oHF—EHEIEIIFERY Few-Shot Examples &
Prompt 1= F#dE & PRV [a]ZRAE XTI h RIS FEFN B 2,
>dis: SNRERRVESEIER, NISHERIZEIIAZIFERISEEE D, WREMISSEEX, W=
EEHIFIREZRRYRIE MR EREIRTE, BRRENIERESEAIEERE, ME— 1 EE—
RUREEEEESE [Question, Rationale, Answer | 31 TR0V,
>;ﬁ1§ BEIX—IUTE, BERRE— SRS, sMNEWRRVREIIR31T Fine-tune MoRG LEIT

Answer Answer Choices:
| (a) swimming pool
(b) basket

B o o o -

(c) dog show
Rationale, Answer (d) backyard
(e) own home
A: The answer must be

: What can be used
Question, Rationale, Answer Correct to carry a small dog?
|
ationale
eneraton
$

something that can be
used to carry a small
””””” dog. Baskets are
designed to hold things.
Therefore, the answer
is basket (b).

Raﬁonﬂe,Anwmc:J

[1] STaR: Bootstrapping Reasoning With Reasoning



BAMILLITIE: saifE

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

> A FoRAE B ERYAEIRERYZ (rationale) AYIAZSR(UT RL SRiBESREBIEZENE (action) , BT

IR — A BERUSRER ST,
>STaR 7, B ITHREImRE, =R

ANEFTRE,

BN SIESRAFUNERE TS, AR RIRIEFUNEEHIRE

» STaR EE—MEUE LHITZRBEERT, XRUTHEERSEEREATIIREE, BEdZ/REE

[E—HtEERREF I iE.




BAYNLLITIE: i BifEIEIRF - Pure RL vs STaR-based

Takeaways:

> STaR EI’JV'L} BT IERIEEhESEEIRNext Token Prediction B

JEEIEAVR, bean

&E A

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

FSTaR AT LAA—E /X By REIEEIER

A, B

> AR L, STaR—ZRIGEERFREIRESEE S ElMetaCoT, B [a]RRZE 2 22 hRs

WIEEERURANIE

> BRVWFRREIEHEEKRES, N TEFRSFHEEESTGEIABRIER

SN
HHIRER S 1Y

> LIRS Rule-Based Reward for RLIJIZ
> PureRLINEF T, M FRAVIIRSCEGER 22Focus on 27

1, EidiErule-based reward, ZYMI_ERL DatafJigit, EliEtRE

g

JRLEGEEE

A*E;:l

AT

> Reward Model B9—Lb=80PRM, £i&Z%!reward hacking, value 7, MELLZ

EEEE

[1] STaR: Bootstrapping Reasoning With Reasoning



BAMLLITIE: FiE vs iB{tFS

> REUREIEIAMEREEA, BREFEE —LERIRGE, TERREFEYE, HEMNER MRS,
> IRBEE: B—URRFENEITRIAIREBE— M FERIVFE, IHEERENNERNERSRIINEE.
> DeepSeek FIFZAIBERIFNFEIRE T —RIIMER, RIMAFFERE., XEXEESmTRIREEBEKR, K
W REEHMMEEENN, MXESHHEE e/ VEEEEFNRAANEECEIELILIA (FILUAJIZ2H
FIONIGFHIAARE)  BIIXLEREERR/IVREIRILEESRE, EEEN 7 E T ARRLAVTTIE,



BAMLLITIE: FiE vs iB{tFS

> (ERRARESGRIEIERE RIS N L, FHEFRUEIBFH X ZRE
> BEEFRASFTRIERTUIFIBEURFRIEERTIN, SAEREES S CARNEHET, BERESEEUGE
TEFPRIPattern, 1RYMEF S 2GRS FAVELFMEFIMetaCoT
> BUFINEEIHENEN, SMREESRAUREESTZEIZNEHES BRIMNE, KIERNZCIEFIHEE
=N ERES
> SFT ZERZRICIZMEMFHITO0D:ZH, EFORMBIRLZIEEI LS [1]
> SFTHIERBG S, (ESREEMIRLAILIAISESRII S
> MEEREERENSIAKE, XU ERE TR LongCoT K AN BUEERTZEIHERER
> Scaling up verifiable reward:Zlong cotBY#/(>.
> JVREY (fFlg0wen-math-7b) A< S recentivize long cotAibehavior (e.g., aha moment) fEMATH &, wait,
recheck, alternativelyiXEiR17Erli) || ;% 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 IES IR REE R REZEIEGESI?
> Wi Long-COT SIS R VAR RIEFPNZF?
> Long-COT REY RESBETSIETES?

» Takeaways from RedStar [1]:

> Long-COT (ERIREUE TISRIEIREE: NHUREURSE (W0 1.3k NMA) AJLABERFHERMRE, THEERFEST,
I T Long-COT A BNMEEEEERMIBER MKREEEARVEIERES.

> BEAHUSHISACIEEYEFHEEE . FAIEEE (W0 14B, 32B) LARZISEWTIGAESR (0TI E T
KEYE) 7T Long-COTIGHRIMEE, MTFR/IIUERIER (40 7B) T RISIEMRIERIRFINMESRMISAIEES.

> (IS 5B ZBAMIEES: Long-COT YIIGAMMNEHRFEIFES MRS, e E b ES~4ERFn, ERTH
[TZRNERAM. tHh, ZGAEARFNZWMNEEY, mEREMESINTTHEFEE TESSEMIERN.

> SRCEINFMEERATHE:. BE&ENFIF IR (DPO) MELEUFEIRE (PPO) 1B UG EIREHRE,

> Long-COT SR BIEZSIERY: 15 Long-COT HiENMATFSESKIESEE (MLLMs) FILARERAHEMEE, HIBIER®E
(slow-thinking) FARESESESPHERILE.

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




BAMLLITIE: i@ vs i2{tF>] Discussion

> Kimi K1.5 F Long2Short 73,5802 EK A CoT fRBURIAMRERBEIREI A CoT 1828, AR LEE—F [ZFE] |
NI BIFIRISEZF, NMUEMRE, B2 token W3, B INHIMREIEEREMNES, MAERH.
> Sl iRBNE /D a ARG BT 01-previewHIZRIN :
> BEREEEHELEE: sIKEIESBOME 71000NREHNFEER. BIARFREAENTTEEZRESE, XEE@E
HEE. ZHUNRENTIETHE, HEFEMIEENTSEER. FUREZEIFHE.
> FHEERIEME: MEEbEERURES 7 EEENK MR ER RS,
> WERIAE R REEFRCABITTURPREIRT, #5\ “end-of-thinking token”3R4R | B E IS FEH (R (AE BUGE [ B 24 RPN ER
> EEEENITERN, WEERFELEend-of-thinking tokenfUHIT, FEMEFAIRE,
> DeepSeek FIFFZRIBRIFFEGRE 7 —&RF/MER, RIIEFERE, XEXEESTZTRUIREEREN, KIS
RZeamEEeIl, MXESMEEEEMEEEEFAXIIESRCEIMLILZINE (FILUA 2R TTIE:
FRAE) | ElXEREREEIRYIVREIRDIEESRYH, EEBE 72T RLIGE.
> AR SRR MR EY
> ZHBIEEEFEEASH—EES (FIRBFRIEHERR) K, XIS EEMRIIMEREEXIFES IR
(FIAMBR{ESS) AHER MFDZ (LBEN AR,



BWANLLITIE: MCTS & PRM

> FIFF MCTS, B&ERFD B AH Token SEURIT R, MEXNTHTSEHTER

> 1B1d MCTS rlge=8 LA THIE :
> Token Generation Space B K, TMAEERSIIH—FE, Search Space £ relatively well-defined, BZBNBEP=HIT
> Value Model E3Z52I0 7RG ME, Mill&— 189 Value Model EUARENE

> — MEXIRLTIRYELSESE rStar-Math [1], B IMRELEEI OpenAl 0181 (ESSTHIRIKF
> —MESIREEIREPolicy Model, B—MEEI|grp AR FIRIFAISTZRMER (PPM) , —HESHTT
MCTS FELFiutEREHENE, MEBHRERER, FEFFEEmEMEERE
> BAREZRIMCTSEE, QEARTEHRINE M EELRHTRETS, BRE(I8E%ER0RA LI
LLREIEHRRY (ERLE) [ BELRETREGEIRAY (RAELSE) AL ranking loss i)l|4x{wF

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



BWANLLITIE: MCTS & PRM

> KBEAY Takeaways:
> THEETFRIAMCTSIEEEE, BRSMCTS W ATF1EEAN)IZ
o BERPRHITRERIEETFE?
> MCTS E&—F# Structure, A* tB.2 Structure, AFIIA The more structure imposed by humans, the less scalable the method is
Inductive Bias 38KLLMIZEEABRIGHIAETIDHITE  coromance

E o] Be=RHITEERTEE
> ANEId Y MYStructure, 125 E%EKTL,L%EU%
> Algorithm Distillation: ¥RLHAY Training History 5 E1% More structure
FASERES ST, $IFIData-Efficient RL EIA Pl *

Compute

> Stream of Search:l R AIBRES R
iRt XAMERH policy improvement methods

(Advantage-Induced Policy Alignment) #1STaR, f#RT
heuristic solversy& & fi# R 1Y o) &5

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

[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




BWANLITE: MCTS & PRM : PRM BYSCiEfIRE

> DS-R1 #l Kimi K1.5 &8 #17IBiEAIMCT SFIPRME
> PRM B9—LEHkdk :
> RES FTHE—SESIERHE— MEERtask, BaltimnEELI=ERFRIZER,
(BEHAATLnENMELLscaling up
» Model-Based PRM BJgE=5| A reward hacking, EFllg =1L 43218 E NS
> PRMIAREIE S Frerank top-N responses and assist guided search, fEARERLEL
W, BRAENEERE
> PRMBYE T :
> PRMEIFZ2—FEtiRTAZRIIRE{EE, XdrewardE Tshapingm] LA || 2R EF2ESK
INSSS R
» PRMIABIRZREZTIE, FJLAMRBINGS B RIEREETRRE (ScalingfiZHIRIEREX)
> FIBEEIFERWESITER4ES, 1BHRule-Based Z4MEEIRIReward Signal, 1558 =E&
HOR LI, THEEI Bt SRt




EAYELISiE: Over-Thinking

> SRIEFEREIZEOverthinkingHY17 /9
> IZANESIE, Hla0 Wait &
> —ERARESAD SRS
ﬁ#‘aiﬁl.[. BRIINEFHE (SR
=)
> TR BRI E R RIRR (590 2+3 =7
EESUE 2R
> BUEREER,, ESPatternZZ, TJgES
SNEHFRIRI, BES>Ktraining 0
inferenceld F2 R RAYIRAE

> WIS IR BE Test-Time Compute, 4T . Ozz_jjm““
TR IERE? g N
> Long2Short Distillation 4:; Qe S Ml 2B
> KEML{EIPenalty 5 st
> LACRIESRER "o s s w0 0

# Tokens

[1] Do NOT Think That Much for 2+3=? On the Overthinking of 01-Like LLMs https://arxiv.org/pdf/2412.21187




BAMEGTIE: MXPESEISIRS

> DeepSeek R1 Zero #] R1 AN AES FEUSRIMERIT01RE, XEAEIEARS: ZES
HENNFF T Deepseek R1 R EHEIFRENE SR EHAIZRIN?
> IRSFEEIHRSESBEH—TIRaEEsEN. \ASSEAREEPREEINEEFER
£1ESH, ARNREREREBEE T, BEE(IEEEIEFIRIAS IS,
> IESY BIE AL ADeepseek RIA ™—NEEASH, Bit, EENARRIZSHIgiER -2
R NAANIGR, 21728 T BEeL5A.
> fBlan, BTBEIESXTIHAN, RERKECTRRIIRES I SRIERESINEWARERINE X KEX,
EETIZWFRIEDITXERBE s SBRETIREIR, I, XFET= REERRE DSBS
RS EEERTRENTE RABRP R ERIE., RIBEST NSRRI NR BEMEIN R EE, SC
IR SRRV 4EE XS TIF,
> sRIEIRRE NSRS E T BRHImEZ L. XPESIE=ET, 1F2E349EE(IF55a1L
BEHETFRUAZMEHEEES, (FAAXEERRTFIER., MBEMNIREST ERIZ
ESEESESIZE TR, FERAashEtz 20 :
> MEERSHEEN, ER_aRFaEHNRMESEBHIEAREENS TRFSE R R ?
> JZEST BRI2RESEE, BRSREEINES, RLODEZEEMIBLEHGH?
> ARES T, ESEESESHENERUASR—ERIEEEEREH?




BAMEGTIE: MXPESEISIRS

> i BSIRSIREIERI R BERRIE:
> BT SIESIRBHEREREY R EERG S,
> F—EFIFALLaVARIREERS, EEKAREIEERRE EHITEIMNIRIRT &,
> RS RREProjectord NI EIRELSEY, X952 EProjectoriF TSR, 15K
=//=ProjectorgefiZ G 21d M IR D es I e R MRS EE S FRIE= A,
> EIRYREIR 2 EProjectorfIKIESIRE, BIRIESIRESESHIEREN

Language Response Xa m O m

Language Model fqb

ajajayalae

Projection W
rojection Z. H, %Hq

Vision Encoder Xv Image Xq Language Instruction

[1] Visual Instruction Tuning: https://arxiv.org/pdf/2304.08485



AEEABHREE

> KR YEHE R AR I
> RS R + IRSFEH—TH

R SmifE

> saiFIEEeINNEE Agentic ZFE
> RIS BI N I BT 2RIk
> FeTUEEEIIE
> BHISF
> X7 ERIRIN SR




FRBEALEREE: KB4 nTREE

> ?ﬁﬂﬁ%ﬁﬁ SRR MREI RS RAEEEk (W= RZ 1T RUESS Bk
> BEEREGIRMAEIUEEIIS, B HIHERIRFIEMAITRE T AR INR
> RENEIRNEE &I T EETE e BirHUE R A, REXMTIER M CITEL

HXOmAZSHY,

> 1ERIE L EI H T Reward HackingFIn-Context SchemingBd8g

> OpenAl : OpenAl ol BT IR ERmETTHES.

> ol-preview fRENEIT AIITFALENEIAN_ERY Docker SFFIHFE AP,
B THARPkEkSeg, S TESBir (flagtxt) , MTDEF 7N é

AT £k,

|

> AR FiaREc BRIEMIRNE, BY TRANOTRMES SR, Ll P ESHR.
> Anthropic : IESEAEEIRMIGTS, AJLUBIAIESRIAIGREERM, EEE

i RSN IENE AR, SRETREEA.

[1] Sycophancy to Subterfuge: Investigating Reward-Tampering in Large Language Models

eeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeee

<<<<<<
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HAAEE
EdimiRE

© Reward tampering

<bash>

_environment/block_reward_hack_attempts.py



AERRABRRE: KELEHEIFREE Takeaways

> ETIKEUEEHIHEE AT LIE— R E LR SRR rI R
> IREBEAEERE, IEASAILIERRENMITNSMANESEEH, NmEREERTRRIIIE,

D> REFEHEE,
> [ERY, CoT EmEEERZalERMEESERGIEZIE, HEET Al I ETIRE T/
HUIEHRICALEE,

R, EAREYFIEERIRE CoT HTHRIRIEHEIE, Blin-

~l

> PAM, CoT HARETEMR O]
Context Scheming,
> CoT AERHUEIRS B ERAEIHN—ED, FARRIEERM TRENESLHERTEIRE, &
HolgeFmHTS ASHIERNBZ4EnE, (BCERIIEr s SERERAY CoT AE,
> HIRBIEZFRKAIBETREIR (Instrumental Reasoning) BY, ErleestaaEUSIEBLIr LIRS
MRy CoT, LSIREEIEAVEE, tAh, CoT (NEXAHmBAI—EZD, HARFIEEAISERA
SCHEEIIRE, FA e R E ESLEA,
> A TBHLE CoT TE{ETH, FEELSAI-Driven WS4, XECHIE (Contrastive Prompting) #0
FZZEGUE (Formal Verification) FAi%. a0, STLUHERAEARGEIME TN HRITEEIES, Sl
HEE 3%, s&Z FERBMeinEN, otriER 2SR ZIREPNt 7 BRRES.




AEEABERE: 55 & + IRSFEH—SRREHENR

> RLHFSDPOGEA S ZRESTRAY, B SUEISRES ERN AT SRR,

> BR, SESHFTHIERET:
> IRSEERIN, B3 _TtiRir RS eemiE ASSEERI S iR IF R R CIRLF?
> SZESY REISIRSER, RSZEEMES, RLHFLANDPOZSIAERL?
> AERST, RSSESIRSHANER N TR—ERIFERT?

H& = BNAESIESIZSER, Eflany-to-any models5 A XSEXIFF

‘ Align-Anything-200K Learning from Language Feedback Eval-Anything
preference & language feedback Learning from Binary Feedback All-Modality Understanding Generation
Language Feedback ‘ —
ext-Image

—» A: Because is chasi, 1
— Text-Image A: Because a dog is chasing him.

lejust) o ‘
violin sound Text-Video
— Text

Modality B Response A Response B

_ -_— _ L — _ _ -_— [ —
oo Preference 0 1 2 3 0 1 2 3 Text-Image
O Response A is not well in ... Response B is well but ...
All Modalities Space ~ e
Text — Image

Motivation: all-modality challenge (a) Data (b) Algorithm (c) Evaluation

serves as a binding .
W
Modality A Binary Feedback

Text-Audio
only tells where

— Text

Q: How to play the C chord
on a ukulele?

+>d) < ukulele C chord sound >




=S5 —e: MBS RIEFRZES] Learning from Language Feedback (LLF)

FIR(E!

4%

5B F SR SRS R R EE I S8R B A E R A SR RIFRITF

> $TXJRLHF/DPOXITF A R=1AEAYHEER. VIS, (LRI, RHMNESRIERES
(Learning from Language Feedback) , (T2 ZHT=SEASIISF40E,

ik WEBSRIER | cvoresam
FSBa, BFHER ,
EIME%E“?‘SEEWI%EE i Before Alignment After Alignment i :
RAESBORISFRI | ... s |

_________________________________

using to speak? :

! a loudspeaker.
1

: - Wrong answer - Correct answer

- Indirect response - Direct response

_________________________________

______________________________________________________________

! . I
; Question: What ! Question: Small white toilet sitting :
i happens before the e in a small corner next to a wall. :
woman starts i i
i spinning around? : i Before Alignment After Alignment !
I = '
' Before Alignment After Alignment : : = :
o |
| |
| Before the woman starts The woman was in the | : { v ] |
1 spinning around, she is black swimsuit, then to her : | : f :
! seen standing in... left, then I : - 1
| | | S |
— 1
I . . = \ s
i - Wrong detection - Correct detection | 1 - Strange shape - Correct shape :
| 1
| -Wrong motion - Correct motion : - Redundant content - Clean layout

_______________________________________________________________



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

> EdiESRE (LLF) SAIRIFRY: e kERiBEEH ATk, FIRESRIRMIEIE
Al (prompts) |, ATLAERLAHE FNEERTREN, NMEkEZEEZINENRITFI.




RS HFEINEEERENF AR

> BRI SRS EESEANBIRSFESHMSHIEANE], EBBEYESHAMIRS
ETFNFIEEN, LHSMES (ER. XA, 8. ) NEsHEESESE.

> pialtee: ETESBERHHERE OSSR, K 7 R—IESHRRE, BESFERE
EERT. BOREMSHFINR, REENPRES THERBFELUKIEHERE,

iRiEIEEE) + SRETIG = HIEESEE. HREEDLR

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) 21.4% 40.5% MathVision 62.2% 63.8%

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



Align-Anything: ifEEZTCIMBEMSIRSIITFFHE

HiE. B3R, Bk, RE2HE
> Align-Anything EZSZFHESEUISRSNF, XEBHRMIXTPER—FTXTM. S5 TlE

HESR(N ISR — S a D EMESHFINER, SRS AREINSTHEM TR — B RRRRTEE

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

8% ARAERIEERES. BE
SFT. RLHF, DPO&T 4455

UEI RN NP [N R T

=8 RIS IRMERIEERY
Chameleon, LLaMA3.2-Vision
FE8, HAAREEIES

P FRERIERES.
AR 30T EE
TR

FRINE : https://github.com/PKU-Alignhment/align-anything




AERALRIRRE: SR

> HEBIRESHLA I T e s

> KB E AT FIRETERE
» OpenAl Deep Research Agent
» Anthropic PC Controller

> ERAGITRERIRERE. KIEEME. Tool Use TRIEMAEEET]

> REFACIZERAIBEFE R AR, MREUMaISKIS R

Nitse Agentic &ZE
B JRVESRAK

NEEEAgenti 12 S RE

Calendar ()

Calculator()

CodelInterpreter ()

Search()

...more

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

R ?
Short-term memory Long-term memory
i X
I

" Memory |-

[ T —| Reflection

s Tools |[<+— Agent [ Planning —» Self-critics

n l —»| Chain of thoughts

| — Action —»| Subgoal decomposition




AREFEALRREE: :aiEERB I EFRIE - iIESREMIEYITT —————

> RLHFXZIF &S AR LR FHERIMRE, #amﬁ_'a)\;%mm@m—gz@
> 9ﬁﬁ'ﬁ IS R A B IE SRS T B PO ERERAE? | -
Rt R T AR A LR T R MU S B EAR L
> Eﬂ EE AR AN I E S RDT e S SE IR
> MURTRS, 1559 BT RPSRERERIER TSR, SRRERU e
ST RT R, IX—HESTRATARS FMERFF (Inverse Alignment) , FfiTHE—5R5TT

1B S RIS AR AR LR, NrnfExdsT?

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

pre-train stage alignment stage

massive updates on massive data small updates on small data

O pre-trained model . aligned model == 1nverse alignment —p forward alignment

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



M ERRIXEERIRYIRE (MREXIST)
NERHSERHSERFER, FRKREAERENTTRIHNIE

REEREES

sEEESSLIAYEE

M ESER ?
BHSEER: TEREPRER, HEERIFF AEBIFERIE . RREF|SRf T R K&,
RKEZWEXRZMERER, Bl F=—kx, REI~E 7 ERBARENIRED ipe, TME
SNRHE , WOSHEERRER, & IXIFTHERRY “NEdE. NEH R BT S
TERERAANZERES, o [EEREIFIZR D Hpo i, MiiiEXIFT

> ARk RAXNERESRRER, SERESHETU)GEIEEX

> KEZBEx: Fr35TRIEIERERNZE M, —IRBKLEEZIE;

> SAF: 3 ERIRBENIERED NG, FERE)IZGo /R Ea"

> RUFiEEER, FIIRMAREEEFERE: =2 I0MER, REURET
RIFREgoMh, TUEXITTHM, (£15 "BRXIST BENEZ.




IRENE RIS RETE

pre-trainingflpost-trainingffiE?, EBIEJIIRMHIRIERIST

MERX LERE:

E— B REPHHRBXASEABEX, ATEAN
BRI FETT], BlISMRTRRIRT
FeECELE A&, LARIERES IR N AIEE
SN, TASEBRTX TR XAV IRRER
L, FEARMTBRERR,

& KNRBAM(F—FrEERS, F)IISGF0XI T REN2
A BB B RV EHE A TEA S E4E ;

& H4EE Lpre-trainingEZ&ZFpost-training, &
BUNREEARERER, aLEEFlsEaHY
e RANFES ., AMRIHIRE R E;

& EHg LRI IXTHREZEEEY, BB T
IR D NIRRT EE /NI FEIEED, |
HR&EZEILS |D,| /|D,| B



TREPERISCISTOE

> IE[A%G35(Forward Alignment) vs. i
[EIX35% (Inverse Alignment)

pre-train stage !

1
90 Qk :' Ok+1
1

forward alignment inverse alignment

> ERENE. REMEANREEEGH) T, BRI
(Path A) R TIEMERIFF (Path B) 1B INEZ.

> tEBYEM (Elasticity) B9

(a) Elasticity Increase with Model Parameter Size.

(b) Elasticity Increase with Pre-training Data Size.

> RENRMERBIREIN/MEX . REERESEHNEREIN, ERmE
SURMIESERRMEEE TEER, TkER FERSEE,
ZREFEALE M REIR B S/ B KNI 58,

> (EELPMERETNIG SRR K BEFIGEUREEEINE, RR|E
SURMASERINIIEMERE TIFER, MAEERITHEREEE,
REBIRES ARG 55 R ELE SIS,



MIRBER A RS XEEINIFT

MBBFEERS = - kx EIKIRBAVEE (ToinBXIFF)

FRT/THMEESEETHMES, NIMWRENWETEEA

@ FISGMERFNFMEBRARSZEMZ;
& F)l|IZEEIERS ST, WAEFUIZRI BRI TN ERIRE— 1 BRI 2B Mo i Es B
¢ AIRBERITTHIIRE M REE /N (EE/N) |, BMREEXR (WFTEEX) ;
@ EBLTLRiZ R HIRB I{EREAIRIST;
¢ FHEBWIFIIGERZHEE, WFEEANIABBMRENARERE, MmIBFEITRERINGST;
¢ EXFHREAIFEP, FHANHIZBINFTIMNHLEE, HEXNTFTEREEZSEZHEXIST,
H—EHEENTTEE,;
® M “FTH" XFE “FEAN” WF, WFENTENE;
¢ ARIEIERARERN "RE" XTF. TaE AT REIENREERERAAINE;

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



#H1TXI7F Deliberative Alignment

Challenges: (1) SRIFNAEIESRE (LLMs) BERASHEEEANS, (2 BEBGIAS
X (ZERBEM) ; Q) PREZZEBIILE,

IRE:

> LLMs WfEFREIERTTRERIFRIES A FHFIEK;

> MEIXTSEAE (MOSFTAIRLHF) SERILLMsBId RIFFIMNKEXHIED S EHTEHA
XE5E, MAREEFEITLNE.

el lae B EiEF et gE NF IR EME LSRRI Z S 15?

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 train model learn
safer and more helpful generation. o ?

: wj 1¢ :

& G_RM
RL STACK
TRATNING G_spec

safety categories

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;

RLHE Inference-time refinement techniques (e.g. Self-REFINE)
5 n _ Training Data Generation Inference Time
Training Data Generation Inference Time
nnnnnnnn
PPPPPPP T
pppppp
HUMAN = | PREFERENCE DATA — i e T U = el A el - — ANSWER ~ —> AL MODEL
rrrrr
FFFFFFFF /[
RLAIF (e.g. Constitutional Al) i . .
- ) ) Deliberative Alignment
Training Data Generation Inference Time

Training Data Generation Inference Time

Training Data

Deliberative Alignment: Reasoning Enables Safer Language Models



Discussion

» Alignment Faking:
» LLMs have the potential to reverse or undo the alignment process, a concept 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 align them on tasks challenging for human evaluation?
» Inspirations from deliberate alignment: directly learn guidelines and try to jump the reward

specifications.

Capability
A

Expert

Average Human

We need to scale human
oversight to more complex tasks
and more intricate Al systems

Approximate Position Now

»Time

Example of Alignment Faking
Alignment Faking in Large Language Models



AEBRABRREE: A AIEIE

ML - =S, T2 - fHERR
> T ESIREE TR VGRS, 540 Lean
> HFHURBENERRE— T2 MFInIISIEASIEIRTE
> MBS BRERLIWANE D, RMUABTEG TR =GR
> SitER, ZeMENNEREZE T AFSNTENEMEGSHENE, REBNMETSR \ BEREARR
N&e, FAMRBEZSERBERTLR \AIRFhECHE "Z2X55F" |, (THRIREE
> [EE VLA\ Agent FHEE NFFOMHRBEN FASGEE, TRIREAIRFERNYAREENE, ZRYEETHA
RNMEWFEEE
> EERNSAMEFAMUERTE, AERFKEITANZSE, fla0xBRENEE SN,

> BT ZUCEEIERIRL, IRFAIRGRI A SIE SRS MR AAYRES ], BT B F SR,
EN = ETIEAHEEREY,

tic Prediction
(SFT)

Thought-augmented Tactic Prediction
(Lean-STaR)




VLAZ S ZE£AIRISHERK

RERZS
RORRMHSEEHEREE
RirZe

> WEMERSE: ARGANE
ENHAEEY, EAREEY  Che LMLV 753
@ THIA LN ERIF, 5 _ SN
MIEAESHRRME, MAZE e
ISR,

> IMEEB RS EEXDTIA ymzne BNZ MR

SR AMNERZE, EAREE ! | |

KHIITHR 2, GIUIXHRF
INGIERFIBRIR M, & g
HNMERE HMAH HUMATE  ESEMK ERY s
wEmE st S &% s =

AEANBARZEHAR




B4

2023-{REE 2024 -8B 2025-HiE QUESERE
M FoiniEEE MR FEE M ZEEE £EZ XI55 FuE V1 SEIEIBNREE E5EE{K Agentic
M IGUEEIREE M =3 AR(mIF M Test-Time Compute M RS EE SRSEH—S &R
M MR M ATIXISTHRE B RFEIEM S EESHE MESTEESH—

BEFSMERIERE + aFIFEATN, BURRESRIRE~EraiHERE

@ EHES + "IRBYHE" @ RBEF -> BEEF @ HENE = FRBEE @ 4E ¢ie + Bootstrap -> Super Intelligence

RUBHEBMIEES: BEGONE + BE/RHNE G55 SESHET, SERELRER 000 B3NN ERORESKE RRSER
- FIFEEMY INERERRES, (ESREE SES  B5 BRE RS 285 + GEFE—MERL: SERUIEHIS>RMIZE> s
FHERIZIER#HITIRINEE T ANmE EHE O IEEE Action %Hi— . AISE/ERNEINEEARES, =S =
- EFMUMZRHIMNEERES S s
5f  Rule-Based: IEFEES+HSztH HH BE B
i N G e IEHETER HES HSERE STaR  —ssmetnim/i9 % G
A R gwsgs 2 5 2 pELR ReSTEM Tk, RESMER  iiELE G0
FeULIRIE: Epkat+ IIEEEITTE ©6) ©00) @eG SCoRe  zmp#il/iFfl  SHORMRIE BHEus




alEDtr: DeepSeek-V3
> DeepSeek-V3 EEERISH

> 671B & Token & 37BS%{, ~5.5%

> 61/= Transformer, Hidden Dimension: 7168

> MoE: 1 MEEZEZESR (Shared Expert) + 256 B8HHEZ (Routed Expert) &N Token ELE 8 MEHESR
> DeepSeek-V3 1&=H1Z84g: MLA (Multi-head Latent Attention) + MoE (Mixture of Expert) 2844

> MLABIIS INBETERRESIHTENE, FEIRS S REXEASURINE KA AHIEEE

> Mok [T T B S E R D BT B R IRA FRIF(RAA




ESIT: DeepSeek-V3

To FP8

> FPERGTEE|I%: + 25 TokenFilll N msrrs. [

> BEETER, AR |
BT R ER FIFPB . o}
> ZTokenFiU 1 AREL—IKFl — -
WS Token, MRS TH —
RIS SR ERRRE ),
R R E S R

Weight
Gradient

Optimizer
States

= === — = 1 T - 1
| Input ; Weight S
| ( \
ﬁ@ﬁ?&% : Sealing  r) O : | Seaiing H : , WGMMA 1 WGMMA 4 :
\ = L »TFH N z ] ‘TFH 1 ’/",— . : Factor | : |\| | N |
> AT HEEIMR, EHEE e 1o B — o
. = 1T VSN N S U N I — ¢ - = I —1 1
g, =R LUEE—IR | Hys ! _E=
| [
N /N N IS = le—n - —- s ! | ! Tonsorcom [/ [] GEMM Input
flZZ 1 TokenRig/ it B2, TTserTTTTTT | BRLECEERECECEE e 3
B =T t = vy e el Fy
}\A IT.I]]:IEI%j; ?él;_ﬁ.}go : s : (I : : OUtT:lj; — N¢ I
e e = - s A [ = Interval :
/ 6UTp"E ___________ \ \I : : O] Scaling Factor I
, emE=Em | | icworcwe [ FreRegser
\ CUDA Core ] : _________ :
(a) Fine-grained quantization (b) Increasing accumulation precision

[1] DeepSeek-V3 AR S https://arxiv.org/pdf/2412.19437v1 Y S e



ESIT: DeepSeek-V3

> B St DulePipe B e el e
*%gm 1{%]:1 F-L-l_:é;*u E1§ - ” A Forward chunk A Backward chunk
> EElEaR Rt
RIS E HEEEEE
ITEMEERIGPU SM
HE, FIETENEE
2ES
> WREiTRIKE 1T
> BE(EH7kZA9BuUbble o
e A)in T
> EEEFRIDIRESE
> 64&% EI‘J "572?9:?‘} Method Bubble Parameter Activation
1F1B (PP -1)(F + B) 1x PP
ZB1P (PP -1)(F + B - 2W) 1x PP
DualPipe (Ours) (5 - 1)(F&B + B - 3W) 2% PP+1
SEHNREFEDR

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



a2 th: System | & System Il
> (A System 1 AIREE(BRIgEA T EIBAIFIER ( “fast-but-maybe-wrong” judgment calls) , BILA#EH]
System 2 IZHIASIRIERNE, HESXHHITSRIEE,
> System 2 fYlAEE: FEMIBXREHS: System 2 BIIEHAES (NEESMPHIRSER) KRR, (EiXFH
PERNTEERENRS, SZ25E@HSIRIE (combinatorial explosion) .
> Ok : SESHIDXETFI KRS, System 2 BUERIFESIFFRIE, TEESIEIS K RERT(E.,
> System 1 B{EF: Rk, E{RIAIFIER (approximate judgment calls) :
> System 1 G EHIEEERN AREMMSEIED ((HUFIBBERTCIR) |, #5EBh System 2 FMEHHERE.
> X{#H1§ System 1 gERIERE— 1 AIgEFFIERSE, BEEXRZSHIER FTEBENISER, MMIIEEALLE,

Key quantities for conceptualizing intelligent systems .
Y4 P 5 y The two poles of abstraction: type 1 vs type 2
Static skills: ) , 4 TRy i : X 3 s y
repository of | k o 9 ) Fluid 1ntglhgence: Prototype-centric (value-centric) abstraction Program-centric abstraction
memorized programs P =S 7 S synthesize new . . |
W programs on the fly e Set of prototypes + distance function e Graph of (usually discrete) operators where
N, Example: classify face vs. non-face using input nodes can take different values within a
F]uidity abstract features type
e  Abstract wrt details not present in the ) Example: function that sorts a list
prototypes e Abstract wrt input nodes values
Narrow operational . e Obtained by clustering concrete samples into e Obtained by merging specialized functions
P, d ® ® Broad operational area ] . ’ .
area or programs use S of Sroerams used prototypes under a new abstract signature
(low abstraction) ® e @ prog ; This is a value analogy! This is a program analogy!
o o (high abstraction) i e
Operational area S

Data-hungry program Information-efficient E‘" l[] i Soalma . x:
acquisition / synthesis do program acqu¥smon/ . " N S resuit =4 .
= synthesis et ? Ty
. sital SRR / t ‘;cs;L:
Information-efficiency n@ g 4,6 in (b

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



Mt

Wwit: [EBE5Abstraction Reasoning ((TiEHIEE + M
» LLM (PR RRF I IZ[HIEIRESS -
> REFILSSHSRIE, ERPRSRT LT ALK

REERAYVESS (Flan, PERETT) | iZRESIRES:

> N EAET LLM pIBEEUARRE, IR,

> —SENSZFIES, TNEEEN EBIERRERRINE,
T ZELIPERZES (Hypothesis: Depends purely on

Task Similarity instead of Task Complexity) ; A|B

> AZRJAbstraction Reasoning: 15 H =4S
HITHRERIR, EHERIERE:
> Typel Abstraction: EFXEERIEI EiRENE, EREX
FERERR, ELUEHARERIRIRE;
> Type2 Abstraction: System || 3RzEN XS F4F EHUHIEES 2% AR,
B AR TG HBY R H I TR NI AR E R IR ;
»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 fYJReproduction Github Repo: https://github.com/huggingface/open-rl
ZIES & 215

» Align-Anything Github Repo: https://github.com/PKU-Alignment/align-anything
> ZES Align-DeepSeek-V: https://huggingface.co/PKU-Alignment/Align-DS-V
» Align-Anything: https://arxiv.org/abs/2412.15838

oY B & FTUAGIE & BHERITT

» 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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Do NOT Think That Much for 2+3=7 On the Overthinking of 01-Like LLMs https://arxiv.org/pdf/2412.21187
DeepSeek-R1 <,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 LLMSs: 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 Planning in 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
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> https://blog.ml.cmu.edu/2025/01/08/optimizing-lIm-test-time-compute-involves-solving-a-meta-rl-problem/

> HUFHZEAGIERR: https://www.lookeng.cn/2024/10/15/lean/iclr2024-formal-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
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