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Benchmark (vetio Claude-3.5- GPT-40 DeepSeek|OpenAl OpenAl|DeepSeek
Sonnet-1022 0513 V3 ol-mini o01-1217 R1

Architecture MoE MoE
# Activated Params 37B 37B
# Total Params 671B 671B
MMLU (pass@1) 88.3 87.2 88.5 85.2 91.8 90.8
MMLU-Redux Em) 88.9 88.0 89.1 86.7 - 929
MMLU-Pro Em) 78.0 72.6 75.9 80.3 - 84.0
DROP (3-shot F1) 88.3 83.7 91.6 83.9 90.2 92.2
English IF-Eval (Prompt Strict) 86.5 84.3 86.1 84.8 - 83.3
GPQA Diamond (Passa1) 65.0 499 59.1 60.0 75.7 71.5
SimpleQA (Correct) 28.4 38.2 249 7.0 47.0 30.1
FRAMES (Acc) 72.5 80.5 73.3 76.9 - 82.5
AlpacaEval2.0 (LC-winrate) 52.0 51.1 70.0 57.8 87.6
ArenaHard (GpT-4-1106) 85.2 80.4 85.5 92.0 92.3
LiveCodeBench (pass@1-coT) 38.9 329 36.2 53.8 63.4 65.9
Code Codeforces (Percentile) 20.3 23.6 58.7 93.4 96.6 96.3
Codeforces (Rating) 717 759 1134 1820 2061 2029
SWE Verified (Resolved) 50.8 38.8 42.0 41.6 48.9 49.2
Aider-Polyglot (acc) 45.3 16.0 49.6 329 61.7 53.3
AIME 2024 (passa1) 16.0 9.3 39.2 63.6 79.2 79.8
Math MATH-500 (pass@1) 78.3 74.6 90.2 90.0 96.4 97.3
CNMO 2024 (Pass@1) 13.1 10.8 432 67.6 - 78.8
CLUEWSC @Ewm) 85.4 87.9 90.9 89.9 92.8
Chinese C-Eval Em) 76.7 76.0 86.5 68.9 91.8
C-SimpleQA (Correct) 55.4 58.7 68.0 40.3 63.7
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> Pre-Training Scaling Laws: i} ||Zxt&E
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F-days, r -emt ling tokens n-embedding
Zo \o Lo, ~ S(True) “Irreducible Loss”
L(z) = Lo + (—) (2)" —ry .
T £ ) ~ Dy (True||Model) Reducible Loss

OpenAl codebase next word prediction

Bits per word

6.0

N * Observed

Prediction
5.0 gpt-4
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20 L -
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100p 10n /7] 100y 0.01 1

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 . @
passenger) | ' Extensive resources: many training data, large network
Human life (avg 1 year) 11,023
American fe (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

| e C~6ND

i |
Increase N -> better performance This formula is usefull!

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.

EMITF
EIg—MREA N=10"9 (10Z18%) , FRIISKEENMNIRE D =10°12} (175127 token) .
« @EAAX C=6ND, BMItHEHRE:

C =6x10° x 10" = 6 x 10> FLOPs

XERPBISXMEE, KABE 6 x 102! KIMEE,
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> Post-Training fER, BEHIIGATEE (RERLAYTrainingBtER) #A Test-Time i+HE

(BN Test-Time Search) AYIBI<, 1RBU4EE (BIANEFEIHEIERESD)

ez

> Post-Training Scaling Laws F JlI&BYitEE 27— FRIZEE: Self-Play IRZER LLM

o =1
Inference ATEE
100 ~
Our large-scale reinforcement learning algorithm teaches the model how to think a0 -
productively using its chain of thought in a highly data-efficient training process.
ound that the performance of o1 consistently improves with more reinforcement learning >
o]
(train-time compute) and with more time spent thinking (test-time compute)BllE é 60
constraints on scaling this approach differ substantially from those of LLM pretraining, and Q
we are continuing to investigate them. @ 40 -
g
20)]
0

[1] https://openai.com/index/learning-to-reason-with-lims/
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o1 AIME accuracy
at testtime

test-time compute (log scale)



[OlpR: Post-Training Scaling Law

A 2B EZERIE: Scaling-Law ?
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> AR R &E NS

- BRIF&EETE *ﬁ?—?&ﬁ@%ﬁtﬁiﬁl_wﬂﬁ RETRBE

, N ERSEL Scaling Up r+§|%E’JLI!a'lISIﬁJ=F!IE‘ B, SREERERA
RUMEHRRE ORI DRREE ), ETFRLAY Post-Training <A T—

1=
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TEIZMBEEEIE, WNRNZMKTERK

TVDENH REEMR, BRAEEFHEEES Lk m A AKX, FTLAFESHEIMY Scaling

Laws [1].

r (W) ()

One significant challenge in mathematical reasoning is the high sensitivity
to individual mistakes (Shen et al., 2021a). When generating a solution, au-
toregressive models have no mechanism to correct their own errors. Solutions
that veer off-course quickly become unrecoverable. If we rely purely on genera-
tive methods and extrapolate from current trends, we will require an exorbitant

parameter count to achieve even moderate performance on distributions as chal-
lenging as the MATH dataset (Hendrycks et al., 2021). This evidence strongly
motlvates the search for methods w1th more favorable Sca,hng laws

[1] Training \erifiers to Solve Math Word Problems 2110.14168

Relative Improvement in Accuracy

[2] Scaling LLM Test-Time Compute Optimally can be More Effective than Scaling Model Parameters

From Test-time Compute (%)

30

20

-20

-30

=40

Comparing Test-time and Pretraining Compute
in a FLOPs Matched Evauation

+21 6%

Easy Questions
® Medium Questions
Hard Questions -37.2%

<< ~=1 >=1
Ratio of Inference Tokens to Pretraining Tokens



DeepSeek-R1 EZAZtr: DeepSeek-R1 Zero

DeepSeek-R1 Zero: TEMERIEASFT, R{CEIIREAIEHEIRIRE

2= wYWUIESE77)

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

HEEE ORI ANIRR (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: e
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 EZAZtr: DeepSeek-R1 Zero

DeepSeek-R1 Zero: TEMERIASFT, finb JIREhAIIRHEIRIEEY

> REiER: BEFHNIAYEHEN (Rule-Based Reward) : /HEHEERIZMHE) + fETUIZMN
> ERRZRIZED Accuracy Rewards: IR =25 E21EHHY
> BT IZFEFormat Rewards: #ifRB4 s = NTFEE <think> 0 </think>
> B #EAReward Model, EIJORMIIPRMEEE T MLERV AR §EE =Z reward hacking
maretraining reward model FEAXEMNITHRRFIR, ARSERUEANTHIE
> i8R : SR REEM Thinking Process, EHIEMEZISEIENRLIE FHIERD

A conversation between User and Assistant. The user asks a question, and the Assistant solves it.
The assistant first thinks about the reasoning process in the mind and then provides the user
with the answer. The reasoning process and answer are enclosed within <think> </think> and
<answer> </answer> tags, respectively, i.e., <think> reasoning process here </think>

<answer> answer here </answer>. User: prompt. Assistant:

Table 1 | Template for DeepSeek-R1-Zero. prompt will be replaced with the specific reasoning
question during training.

ETFHNRYEMHED (Rule-Based Reward) : #EifEEILH) + #&zU3IHD



DeepSeek-R1 EZAZtr: DeepSeek-R1 Zero

DeepSeek-R1 Zero: TEMERIEASFT, R{CEIIREAIEHEIRIRE

> HE
> BEERIRFASelf-Evolution: FEE

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

BEI0 (XM 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

ngE), RETHTTCRIZER. RREMSIE

DeepSeek-R1-Zero average length per res ponse during trainin g
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0 2000 4000 6000 8000
Steps

RLIEEI FEZABIM Long-CoT BESD



DeepSeek-R1 EZAZtr: DeepSeek-R1 Zero

DeepSeek-R1 ZerofXBRT

> (BRARLHFESRT, SFTEBSHIANZEAIRRI—E, HiZiE5S%AXEA TiRERYEHERLIRE
IZEEEMEEND (MMNEXEESKE) | AEBRERLRHE—SH{LIERE
> DeepSeek-R1 ZFIBHEXSFAHUEA TR EEHRAKET
> TEEENEIPSRENSFTEIESE, MEIMREERAERUAMEFHITIRR
> Kbt YEETKEEIMESERT, BEARMIENAERREE— JFahEE.
> XMEEEIRAN, MIHE T KEIRERAE,
> BEENE, TlLRIsEE AIRERRORIERR, AT TIREREIUATRE.,




DeepSeek-R1 EZAZtr: DeepSeek-R1 Zero

DeepSeek-R1 ZerofXBRT

> BEMISFTHER, BEiFzA%EFESIGRIEEREDBFER LR TN MEEZNE:
> REEIFERIEBERE: EERE (DeepSeek-V3 Base) il ¥ XA REMRETIRIE
(671B 7£14.8T mEaE Token Li)llZx) (EEEEEANAFIEAE LR, the—&
THEFIAR/IMEBYE T Aha Moment 1835 T AMERLANS REHIELGE) |
> KSR ZEINMIE: GRPO TR FESIIERIAL ;
> MNEIRRD: Zod PR, (EESm TR mEe LARTT Bt imcliSiE
(Self-Automated Verification and Annotation), XE2S5—KIIXFIE(EIER(TESAERY;




DeepSeek-R1 EZAZtr: DeepSeek-R1 Zero

DeepSeek-R1 ZeroRfIKERZ: 6l - BEl{EinicFIIEIE

> TR w5 python (I8, ZNEIBRBEFIIZR,
> BEIeuESA:
> PR eERE N EFHERE AN,
> HiTPythonUiS e EIE TIE N I RS I aE T
> ﬁ)ﬂ@l‘ﬁﬁﬁiﬂﬂﬁgﬁ?l‘ﬂﬂ?\“iﬂlﬁﬁ;

FRHERR IR

63;

A

SRETIANIN 42,

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

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




DeepSeek-R1 EZAZtr: DeepSeek-R1 Zero

DeepSeek-R1 Zerofyxi

> BN Qﬁ—% oython X832, ZXHERA
> EFHNEITISUE, FEMini-Batchre

Large-scale Reasoning-Oriented
Reinforcement Learning

{kmmw%w}MMMMMMMMMLM%mMﬁM
Training step 1

B #6l - BaleircHIEIE

YR, KAFIRFRE, RIS 42,

Rule-based verification

Is code? Is python?

Training prompt

Write python code that takes a { Genarated |her3‘s a joke about frogs | X

list of numbers, returns them in a Model checkpoint
sorted order, but also adds 42 at
the start.

def sori(a)

def sort_and_prepend(a)

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

X

passes unit
tests?

X

FIRHIREIES,

Large-scale Reasoning-Oriented
Reinforcement Learning

[k%mw%w}MMMMMMMMMmeMMﬂM
Training step 1

Solution score (reward)

Training prompt

|here's a joke about frogs | Low

def sort(a)

Low
Update the model so its less likely to output lo def sort_and_prepend(a) High
score solutions like these and more likely to b
output high-score solutions in response to such

a prompt

list of numbers, returns them in a
sorted order, but also adds 42 at

under training
the start.

Write python code that takes a {

Model checkpoint J
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> DeepSeek-R1 Zero RAJEE: KEIEIREREZME. ESREE, FBENHRK
» Research Questions:
> BEE{EZeroEh FHRIMEIRIEEERIREIRT, EFHEEIRVEEANIEFIZ 2187 FIa0~=E
Clear & Coherent CoT HEHEIIH1BEHEsENRNRE R1;
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DeepSeek-R1 %A Pipeline 255

DeepSeek-v3-Base
(671B)

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

| IR ARIESELES) (GRPO)!

1 Large-Scale Reasoning-Oriented RL 1
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J

l S 2z5h Cold Start
! WEIIUE REHIE

HEER9RIDHY RL
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| |
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| |
| |

[ 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 £
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> 12 BE) Cold Start
> EUfEIERR: few-shot long cot data, F4H T /B FIIGUERIBGRESS
> WEEISIE: AAZSTFREEM Rl-zero £ IS EEHLE®E
(Chain-of-Thought, CoT) #4E, =B HEARIEIXZ! 10,000 Token
> FEE: 12— Human Prior \ BERATIESHNENIES Y. T
I AIEAHEIERE A,
> IR AHIRL Reasoning-Oriented RL
> IBINT KMERRLINIZIZSFE: F1DeepSeek-R1 Zero EAR—F, +*
BEREEFReasoningBY8e1, BiFEcoding \ mathematics \ logic
reasoning ZFrix B BRI RZITIERYA) T
> 1 BE—E3ERm: 5|\ language consistency reward = <HEIR 5%
Y (BEITECoTHEEFHMESAIGELY)
> HETE EIRZRAZHN : 254 accuracy of reasoning tasks and reward for
language consistency
> B3 : 1Bid GRPO , 1REYE AIME 2024 FHFEE TS TEZE
127+, pass@1 M 15.6% 12EE 71.0%, I, HBEREE B ALK
MRS, RIIHEEANZEERM.

DeepSeek-v3-Base
(671B)

/& EEh Cold Start

WEHIUE REHE

HEIE9OHT RL

IEFRRER  RiHIERE

[

Intermediate Model J

(FEIRHE AL S 5E)

Stage |: #EIREERTEEME
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> IEERFEFI2HasESFT Rejection Sampling and SFT

> B E—ERLKENZ f, B TSFT BRI S SFT

|
' I
|
> FIZBiCoId-Start AUEUERR, IXEBH SFTEER M= Ll GO0k iR :
{53 : (Rule-based+Generative 3ZJ) :
> 600k HEIR(ESS: (1) EFAINIBYEED (2) FIE AR ELRS : 200k 18 F % #3 :
o4 R . (Writing \ Role-Play etc.) :
> 200k 1BF{ESS (writing \ role-playing \ general-purpose) siris :~: B EEE S T T T
> R (EREEERIEC O NRIORHE T, IBSRNENEAR, SUELRL All-Scenarios RL
ERMERS. HEFR{ESS — A2 o

> @ilRL RL for all Scenarios : - -
> W—HIRFHA T reasoning 8GN ZHMERNEAIZR S e iele
> XgTFreasoning data, B LARRBETFHLNIAIIZ ) L e e y
> XgF-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) _ LikR) 7 =K,
KB EEL SR EMEE,

Stage II: BFAgE D& T2



DeepSeek-R1 Takeaways I AE RS54 : Part |

» Pure RL to Develop Reasoning Capabilities:

> T XRSIERS K& IEF:

272, MDS-R1 Zero B IS ERIEASFTRER, RIBLAIURIECF

JpNiEgH, XtEaFATILA:
> RREISIEAIEEERE: EEAREY (DeepSeck-V3 Base) #Bid ¥ AN REHREEHE
(671B 1£14.8T B=Token LillZR) ;
> KIMERZEINNS: GRPO T EBUESNGHILIL;
> FRNMEIRZED: SRERmMEPaEnE, (EEEm TR RE L TB EbtRicHEGIE
(Self-Automated Verification and Annotation), X2 5—HIFF IS /EERTESAEEY
> |EEHEOEE, #EEATthinking response length IFEEENN (test-time computation increasing)

> DeepSeek-R1-Zero BB

FOBMTNERIS . RN IRREAEE

> SN NRUREIMERUIGEINGEE, BRI EE. IR, BirEdEntriziE

> REBGHELEZE

HiFRL, (BRI SIIGAIFSFTRIGEERYHAY

> BUEFIRAFARREETRUNESE. FEABFERRERER, BEaLIeliSE

JthiEsE (S SIFRT

R RYSEIEIE

57D, iZCEIEfthenis




DeepSeek-R1 5 AZIF: S

> EEEERY (DeepSeek-V3 Base) #8id T ENREFMEENIFE (671B 1£14.8T B FEE Token L)l

> BT LT System | BYEIEEFAY Prior Distribution BT, JGHEARLIRZIY]
2B EAR R RIRRFIHETE BE 0RO ER
> DeepSeek-V3 (KA (5,576,0008E5T ) *

> KARERLICE 7 BliG A A )|

SHIEHIRE DeepSeek-V3
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> MOoE Z8%4) 671B jE{;&37B \ {85 Multi-head Latent Attention (MLA) Z844

> 20483k H800 i1&: ~54%
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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
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DeepSeek-R1 ZAGfr: RL M5 THI Length Z{L&IEIEETUEIR

> KAUERLAYIFF T, DeepSeek-R1 Zero ZRIVHEHTR(ESS L B4R ERBE NG <FDBEIN
> REREZEINR, HIURMCABHRIZE. RIFPASE. NIk, RESESHEESIIS
> REVDERRRZ ISR TEAIRRE IGIE. B, 245 REIT8eER
> QA= HSRARIEERfSHIresponse IXERESIRE LT, AleesHIIREESWIE. SER
UFATELNSMEYIE R (REINFORCE ZRAIER; PPOI)||ZfaEERIE)
> ZIEE e 2R NATGEUERZESAY, "—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
2000
000000
8000 600
train/ret
6000 tag: train/return
00000
l') 2 0‘0 0 4 0'0 0 60'0 0 80‘0 0
SSSSS 100 200 300 ( (
P -
DS-R1 Zero KEBIRISR HXEMER 1 HXSMER 2

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



DeepSeek-R1 EAEIiF: GRPO I{EERL-Scale

> GRPOZUEE S EIIIRSMEENMHAIEFE, FATERFEARMERIRMFRMmTES, MmER
T ERERBIUAE ZPEEER S RBEE VBRI THeREL,

> KIEERHE RLIGRVITERS, FERTEsERIEREREEA R I BIRES,

> Bk, 5 RUIIGS, WHERERESHRIRREEEHEHRNIAD, BTSSR
iH#E. M GRPO EAFIFIRHENAVEXIER KL RS, 5% 7 ERICritic Model UFRE,

> Ik, GRPO ARSI N T —LEEIMOILREE CZRIFEFISRISRED), 2|58 EE.
» From PPO to GRPO:
> PPO {79 Actor-Critic EiA# iZIcFF Post-Training, #z/O Bin@s X FERIBERREL

> Eo, moRl] Mg HBIFTTRSEISEASIEEIRI ASRASIERY, g, o IEVEREIREEATI FERHR g0 R
SEEER KR, A, BT URBET (GAE) THERIRE, T RRRA () 12
SRMERE Y, . B, PPOBERADRIERANERS. SReRMERIT B,
TR A RS N R R 1 58 B K LESIR

7o (0¢|q, 0<t)

|o]
1 Z . | mo(ot|g, o< . [ mg(otlg, 0
lTPPO(G) =IE[q ~ P(Q),O ~ ﬂgold(O|Q)]H min 9( th t) At,Cll ( 8( t|q <t)
t=1

ﬂeogd(oflqr()(f) ﬂleo;d (Ofquo-:f)’

1_5;1+-‘3)Ar] rt:r(p(QIOSt)_BlogH f(o |q 0 )’
re tidr V<t



DeepSeek-R1 EAEIiF: GRPO I{EERL-Scale

» From PPO to GRPO:
> PPORYMMMERZNER RS RIREMEEIAVERE, Xk TEXRNAFTERIE,
> KEMREER IR FIINRE—METsBckh, SEZFETINMBERERIIGS R,

> GRPO: FFHERPPOFIMAIUMERRZL, EHIARE—ARE FE M RirmHA IR E ARz, BiARi
=, XT8N, GRPOMIBREER g0 FHRF—HMH, FEIEAULAT BRI REEERE.:

> BUBEENANTENSE, SRMREMNLLER (BEEFE—a=EnEmEbEildg) XA
LS, 5, GRPOEFIGHIFIERSSEFRBMKLAEFPIENBINNRKLRE, MmIESEREA
RENTE, BT ABENITE.

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

G loi]
1 { [ 7o(0iclq, 01,<t) ( 79(0;,¢19, 0;,<¢) ) & }
— min . —— Aj;,cli : . 1-¢1+¢€|A; BDk; |||
; |o;] ; 7o, (0iclg, 05,<0) P 70, (0i¢1q, 01 <t)” ’ “ [ rerlp

Q=

Tref (0i,e]q, 0i,<t) Mref (0i|q, 0i,<t) GRPO Frosen

DKL [S’l’g”?’[ ] = - : -lo - - -1 Ren Models
N oloulg o) ° Ta(0ild, 01,0 = ([
o J{ e o [ Rt A [ ][ oo )[4, ]

Model

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



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

> BFEREENGRPO: WTEMNa@lq, MIARESERR ), KF—H%iH {04, 02,03, ..., 06}, ”;%J' IEEEYS
BRI EREREN T, 7,73, 0 76 . BEfR, REIBILREERIIEFIRLIFESHTTII—. SREER
H— SRR B S MR, FISFE Rt R — LR,

> BFIRERENGRPO: SRINE(UIRMHREREIIRE, NERFESHNRBIESAE

> XJIE)R q FOSREFHRIL {01, 02,03, ..., 06}, WFERMMREAB N IETRERIN: R =
{{rllndex(l)’ rlmdex(z) . Tlmdex(Kl)} e {TGLndex(l)’ rGLndex(Z) . Gmdex(KG)}} EPlndex(])%%]fH’\Jﬂi
FEIRTES|, K2ES | TEtiEssl. 3—E, MBENRESEII—REREDINF]

- ~ r;—mean ( r) Algorithm 1 Iterative Group Relative Policy Optimization
A . p— p— Input initial policy model mg, ; reward models r,,; task prompts D; hyperparameters ¢, 8, u
St d (r) 1: policy model mg « mq,,
2: foriteration=1,...,I1do
5 S 3: reference model 7,.¢ «— mg
E?%%%EMG RPO{’E%‘E‘EVI- 4: forstep=1,...,M go
5: Sample a batch Dy from D
6: Update the old policy model mg,,, < 7
1 ~index(j) 7: Sample G outputs {0;}{, ~ 7g,,(- | q) for each question q € Dy,
Ai = E T. , 8: Compute rewards {r;}?, for each sampled output o; by running r,,
’ ! 9: Compute A;, for the t-th token of o; through group relative advantage estimation.
index(j) >t 10: for GRPO iteration=1, ..., u do
11: Update the policy model 7y by maximizing the GRPO objective (Equation 21)
g}ﬁ*&%%ﬂg GR PO%%‘E‘E"L-I- 122 Update r, through continuous training using a replay mechanism.
Output mg

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



DeepSeek-R1 Takeaways Z4 Part lI

> DS-R1 Zero BTN ERESFTIEE, BIMHAIREEAEIRGE. XFHEEFIHEI, MY
TR S AENIFRERS, MEIHEEE BHMNIRZERRERNEE, MARRTITIRENRIVT
R, XUFERERZES T HIIEARZEENFIIENEES].
> N T RS GRPO BB NFRR)IZF2EM:, DeepSeek R1 AY1)IIERKFE T UM ERAIZZET (L
intE.  ImERE (SFT) —EmitES (RL) — BIXSFT — FRRL?, BRERR T EFat=
SIRBE SR, WEREFIZm =@ 45 ERIAREN.
> SR KR BISIEFSEHEIREE] . HEAESLIRETFRY, MEAERLYIZGH BRI HREAY
> BISERIEETEMRATEZRI, SAcEanhiGitE cIPEERCRERIER, X
BN, SRENERCHIEREIE, LIBRESZAVERM.
> REBERIEEESEMINER CZRBERNE, FRIBENEEHTEIE, HAT—=F
£EESIR, SREBEZRIENER, LUME NAAEIERFNEIR.
> MIKHEEIREGE AN MEEEERNER SR, FEEZoREZNN, XX TRR—
LR NEEC BB EISENRAEXER, HINSFEIFEHEIZHEIRH,
> S BIERLIIGEINISE:
> B8 RLIIIGHIRARIATRRE, (SR EE% B RIH NRERI I,
> BROEINE RLIIZRRIKER, FaFS)||2xa(8];
> IEetREEHRY e, ROARIES RS ERYER.




DeepSeek-R1 Takeaways Z4 Part lI

> A RGRIRLIIS::

> 1B EBUERRE, LIREREREESESINGETHTHEER, HIES RS,
> XIHEEEE R R ER TR, FEIREIE S | SRR R EINGIE. ERRHEETE.

> SEiRNC: FRIUEREE. BIMR S,

> ZIEASED: FETUSEISEENREEIRUAIIS M T X BR)/ a8, XA/

R E R AIERLA AN N EE NG
> BFRHEEN SRS (GRPO) B S MEEEIHAVEFE, FirERHENAIEXIREIR
(HTEZ, MMER 7 ERREUHE P FEEASREERIMER IR
> B RLIIIZRRYTTERA \CRIHEA BET A 25U IR SRR

> REMNEIRNET: FREHEEGEDHIES—EIE

> RIS TAEE), MMRIEREIANMNEETS IEft R, IABEBBLANGE. Z1EhRIS

U ER
> IV AT asRE SR A E T

SERRER, A <think> ] </think> 1RE55k 4

SUHEIERITE, {5 <answer> #] </answer> FRERERREREE,
> 1IBe—EHERD: ETIEEIBRYREDFERTSMESMY, SRR AT st ER—FHE
MBS HTIEIR, M\MRIEEESHARE S XAS—EtE



DeepSeek-R1 {1 &&=

> ﬁEMnu
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EIBSIRMINRARE, T
U, IMEEHHERRITR SRS RE

RAYEIRSAIMNERLZER: SIESREHIR,
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> EEMEFIEEARE: KA AP+ AMCATRE B e Lz e SIS R HYRB S =,

1813 Prompt Engineeringf1RAGE

ALV S IFRAVRBEE SR EES, FINEV T

SHIZHEGHIRR, HRSIECES MR EIESGIAME.
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SUESEZEL
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SRR,
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UNEAFIN AT RBSLISEIRZRRET

AT, TOMIKHRRE, 17sh

=Y AN ‘TEEI’JngﬁﬁZ‘Z '3’9%)?&

R CIFER SRR, TTHREEMEEIEIREE B LIRAT S,

> ﬁiiﬁlﬁfbﬁ
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> na&ﬁ']?ﬁ ABRENE

XAEIEMNTE. R HRAYKRE
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BANLGITE: Kimi K1.5 Moonshot

K15 §iXFAIKXACoT BRI

Bl¥Scalingla)iH

> FIA RLERZFE: Kimi k1.5 NzOBRERAEAES, HREETIE (RR) RKEIMRIAEHAIEE

A, MARNURME T 7S EUEE.

> KA CoT RIRL: 1§ RL MATIKSARCoTHIEITRE, 1%1‘%’*”%‘3@%. TEIRN. ESRAUEE,

> fezUAlEl: BRI E KR,

BRI ZNEUMEREL

> tGIZIS‘E“é?JzE:'s?EﬁE' LRI A1 2a it F1)I1Z

\HERIFEAE R, CoT AUIREHTiaat oy, REFIEE, =B

&7.]? E,J-Ul =

> ttIZISEU%JCZF BT AN CoT HRELRIE SR AN CoT TE JEl"Jl) 7, HERIR MR
1S ELFRIMERE,
8 Kimi K15 long-CoT Openal o1 OpenAl ol—mini QVQ-72B-Preview QWQ-32B Preview 8 Kimi k1.5 short-CoT M OpenAl 40 Claude 3.5 Sonnet ~ Qwen2-VL [ LLaMA-3.1 405B-Inst. [ DeepSeek V3 [ Qwen2.5 72B-Inst.
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BANLGITE: Kimi K1.5 Moonshot

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

> RL Prompt Set Curation RL [S)RRAYHES
> Diverse Coverage: j#Z=STEM \ coding \ general reasoning BYZ53E
> Balanced Difficulty: EZEAEAIcomplexity MEE
> Accurate Evaluability: BETE#E Verifiers /EREIET, 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 N
Replay Buffer
partial rollout
—7 weight flow M ——=@ normal stop
Replay Bufft —e cut by length
——> data flow eplay Buter —3X repeat, carly stop

(a) System overview (b) Partial Rollout

iteration N
rollout worker

m

promt——® —@ F_e'“‘, save for

set — e _Q.---i partial rollout
'

_________

Code

K-12

RL Infrastructure System



BANLGITE: Kimi K1.5 Moonshot

> 8BS M In-Context RL BIRBER A, BiD)IExEE approximate PlanningAuidtg (fIa04&Search
/A, state ] value FSEEBMI Language Tokens)
> SRS : E1=EAk Contextual Bandit, B REINFORCE ZFmH{T{/L{t
> KEE: SINKESSTE, BHLIEEBEERGTIKAVHERETRE, EITEREE,
> OverthinkingBY479: RIS EIIFRIFRIN, BEST>Ktraining F1 inferenceld 2R AHIIRFE
> SKIFRM
> #2533 (Curriculum Learning) : tRIEARRAVER, SiEEE=ISZHIF, BIEHSIA
SEMHRYGIF, XFPERFRHELY S B TR E I EERR,
> fLS%EKHF (Prioritized Sampling) : ARHERIRRAIMEE SRS AR EEFEE SRR SRR,
TREVENA T RAEEAPEEEMERY. B ERELAERIIEE, REIERE,

~ )

. A Ir(z,yi,y°) =1 len(i) — min_len
ten_reward(i) = {min(o, A) Ifr(z,y,y*)=0" WREIeA =02 on — min_Jon
KEET IR
2
" 0y, (y= Z|.CL')
L(Q) = ]E(:c}y*)wD E(y,z)mmi [(?‘(m, Yy ) —TlogZ —7log o, (y 2:|3:)> ”

SRR R EL



BANLGITE: Kimi K1.5 Moonshot

> Vision Data f3i&
> HEHREE 0FSNFRNRIFAR, XEnREZEFIEFNEERE,; TEEEEN R NEERE
NEMEEBESS; KPR EFERBEBIEIEDITESE. XEEUESEEA 7 IREEESCHFIZ S PR
THHETEREN.
> SREMREERLSE EATERDN, SEEFACCENEGIITS, STERESFEIUTIEEREE, FlaniEE
FEXR. JUUENMRRRE. XESASEERETIEHNE, AT NERERIMEIEsE D, FEAILL
ToPRAERGIEEHER.,
> NABEREE 2EETEXFASHEGEANEECEN, FREBBEARARIES MRF RIS IERES.
BT AXHE. KBRENSEGSIREIRAIEG, HIFREETCEENINEANFEANLEEE 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 N RIFERPIEFERE BIEMRINES RSIHSFT
> DPO (Direct Preference Optimization) : RS CoT B4 B RIS =AE ARIFEIESR|15Short CoT 1REY,
> Long2short RL: 7EfNE RLIIZGS, (ERKEETINREETRVE, H—PREREN A CoT =BT,




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

> “EFBRIERLAYG AT RAVEFT, MCTS #1 PRM ;2 E#{ER (Reward Hacking HI&E)

> MCTS %—%EIJ Structure A* ’@,,—LE'E Structure, AFIMAN Inductive Bias 383KLL M3ZRRZEEFILAcISH

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

> DS-R1EMARLAFE, FH GPRO + Rule-Based Reward (EiEEEIEESN
> ZOWE: AEREREME T4, REAREER, BBARGBIRENY T, BiJIAAXE—
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AR EL 1B : Kimi K1.5 vs. DeepSeek-R1 Comparison Takeaways

> GRPO : FlAE—EE N MK 9REEAEZ, NMAFIIMTIMEREL. XFlH)
B EAEANAIVTRNSE, SRIMEEETE—A@AYSE RIS ERARE. o,
GRPOERISHRIFIRE SSERBNKLAE(FAENRMANGKEAE, MIEEEBEARMITE, &t
TIRBERTEERE. XESCGRPOEANESRUCFEINESF, 15RIEREESRATHER(ESET, 88
BEEIUHAARIRRE, RRRFRS0TENE.

> Kimi K1.5 A FMirror Descente] LAERIEZEIREMERER, (EHREINISZWHEIETSAVTE R
ZRE, NZEINRRE. IUE. BIMFT ANk, B RE BIAMIRRZEIGUE. B, B4,
RERTHELR, XENTFiRERETEEESPHNERINECERE,

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

> FEE N ERE DM EIRREDANEIN, HRIEEIZRScaling Law, 1REIFIRIVEHFEUERNE,
> IBRESIEEEN BEBET 2i0355, FHFEWESRBH, XEF TR LREZINEER, ZLRSER
B98N,

> ERFERRS, YWiiRGRETFRZIMERNZMINGIASEIEZEE, EEERKESIHEBIFRZRZ(E
IR, Glal, FIXT—1NFINHRHT™—NIE, &aFE— T EREREEMBE— 1 RIEREENER,
EBE G AN TFRAERERES =S, R EEFRERSZAINER, A, MNEEKEN
BERE, BEEREISERNE RS I SHREHNBFREIENTSE, XMEFREENFILINE
KAHEIR R R R R R R B NEIERE N R E E,



AL ITIE: (BifEIEIRF - Pure RL vs STaR-based

>[olm: STaR
> TR FCUREBEEE(NE [Question, Answer] , BE5oHF—EHEIEISFERY Few-Shot Examples &
Prompt 1= F#dE & PRV [a] ZRAE XTI h RIS FEF NS 2,
> dis: SNRERRVESEIER, NISHERIEIIAZIFERISEESE D, WREMISSEEX, W=
ELEHIFIREZRRYRIE MR ERGEIRTE, KRR ENIERESEIEERE, ME— 1 EE—
RUEEHEESE [Question, Rationale, Answer | 31 TR0V,
>;ﬁ1§ BEX—IUTE, BERRE—HFNEEESE, sMNERRVREIIR1T Fine-tune MoRG LEIT

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

: What can be used
Question, Rationale, Answer Correct to carry a small dog?
[
ationale
enearaton

B o o o -

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

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

//’_

Rationale, Answer ]

[1] STaR: Bootstrapping Reasoning With Reasoning



AL ITIE: (BifEIEIRF - Pure RL vs STaR-based

affi: STaR SRLAVEXFR

> IRBYE SR B ERIEIEIRIR (rationale) AUIIFESSUT RL BT SRAIEIESNE (action) , EF
H;i%)ijilul_. _/\Tﬁbﬂljfﬁmiftn?éo

> STaR |, L HitEBiRREL, RENENEESETUNERHE TG, FE RIREFu IEFERYRE
p N =]

> STaR f£[m H—Ttt*ﬁ?E\J:J_ﬁ;ﬁﬂﬂ%r BT, IXRUTEERBHEES I AFRIRES, ZIRHEE
[E—HtEIERRREF I iE.

STaR can be seen as an approximation to an RL-style policy gradient objective. To see this, note
that M can be viewed as a discrete latent variable model py;(y | ) = > _p(r | z)p(y | z,7); in
other words, M first samples a latent rationale r before predicting y. Now, given the indicator reward
function 1(3j = y), the total expected reward across the dataset is

J(M,X,Y) = Eé, gimpns (o) 1@ = i), (1)

VJ(Ma X, Y) = ZEﬂ,?JiNPM('ILE@) [ﬂ (gz = yz') -V IOgPM(Z}i, Ti | :C%H ) (2)
(]

where the gradient is obtained via the standard log-derivative trick for policy gradients. Note that
the indicator function discards the gradient for all sampled rationales that do not lead to the correct
answer y;: this is the filtering process in STaR (Line 5). Thus, STaR approximates J by (1) greedily
decoding samples of (7;, ;) to reduce variance of this estimate (at the cost of potentially biased
exploration of rationales), and (2) taking multiple gradient steps on the same batch of data (similar
to some policy gradient algorithms [25]). These approximations make STaR a simple and broadly
applicable method that can be implemented with standard LLM training machinery; future work
should more closely investigate the link between STaR and the RL objective above.



AL ITIE: (BifEIEIRF - Pure RL vs STaR-based

Takeaways:

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

JEEIEAVRE, bean

&E AN

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

FSTaR AT LAA—E /X EsY REIEEIER

A, B

> AR L, STaR—ZRIGEAEFREIREGEE S EMetaCoT, B [a]RRZEZ 22 hRs

WIEEERURANIE

> BRVWFRREIEHEEKRES, N TEFRSFHERESTGEMIABRIER

SN
HHIRER S S1Y

> YELABH Rule-Based Reward for RLIJIIZ
> PureRLINEF T, M FRAVIIRSCEGER 22Focus on 27

1, BEid i rule-based reward, ZYMI_ERL DatafJigit, EliEtRE

g

JRLEGEEE

A*E;:l

AT

> Reward Model BJ—Lb=80PRM, £98Z%!reward hacking, value 7, ¥ELLZ

SR

[1] STaR: Bootstrapping Reasoning With Reasoning



BAMLLITIE: FiE vs iB{tFS

> REUREIEINMEREEA, BREFEE —LERIRGE, TERREFEYE, HEMNER MRS,
> IRBEE: B—URRFENEITRIAIREBE — M FRIVFE, IHEERENNERNERSRIINEE.
> DeepSeek FIFZAIBERIFFEIRE T —RIIIMER, RIMAFFERE., XEXEESmTRIREEBEKR, &
W REEHMMEEENN, MXESHHEE e/ VR EEFRAANEECEIELILIA (FILUAJIZ2H
FIOIGIHIAARE)  BIIXLERBERR/IVREIRILRERE, EEEY 7 E T ARRLAVTTIE,

GPQA  LiveCode

Model AIME 2024 MATH-500 Diamond  Bench CodeForces
pass@l cons@64  pass@l pass@1 pass@1 rating
GPT-40-0513 9.3 13.4 74.6 49.9 32.9 759
Claude-3.5-Sonnet-1022 16.0 26.7 78.3 65.0 38.9 717
OpenAl-o1-mini 63.6 80.0 90.0 60.0 53.8 1820
QwQ-32B-Preview 50.0 60.0 90.6 54.5 419 1316
DeepSeek-R1-Distill-Qwen-1.5B 289 52.7 83.9 33.8 16.9 954
DeepSeek-R1-Distill-Qwen-7B 55.5 83.3 92.8 49.1 37.6 1189
DeepSeek-R1-Distill-Qwen-14B 69.7 80.0 93.9 59.1 53.1 1481
DeepSeek-R1-Distill-Qwen-32B 72.6 83.3 94.3 62.1 57.2 1691
DeepSeek-R1-Distill-Llama-8B 50.4 80.0 89.1 49.0 39.6 1205
DeepSeek-R1-Distill-Llama-70B 70.0 86.7 94.5 65.2 57.5 1633

Table 5 | Comparison of DeepSeek-R1 distilled models and other comparable models on
reasoning-related benchmarks.



BAMLLITIE: FiE vs iB{tFS

> (ERRARESGRIEIERE RIS N L, FHBEFERUEI TR X ZIRE
> BEEFRASFTRIERTUIFIREURFREERTN, SAEREES S CRRNEHET, BERESEEUGE
TEFPRIPattern, 1RMEF S 2GRS FAVEFMEFIMetaCoT
> BUFINEEIHNENSN, SMREESAUREESTZEIZNEHES BRIMNE, KIERNZCIEFIHEE
=N ERES
> SFT ZERZRICIZMEMFHITOOD:ZH, EFORMBIRLZIEEIIEEF [1]
> SFTHIERBG S, (BSRSEMIRLAILIAISESRII S
> MEEREERENSIAKE, HXBERE TIFLER LongCoT K AN BUEERTZEIHEER
> Scaling up verifiable reward:Zlong cotBY#/(>.
> VR (fFlg0wen-math-7b) A S recentivize long cotAdbehavior (e.g., aha moment) EMATH &, wait,
recheck, alternativelyiXEiR17Erli) |14 ;% 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



https://arxiv.org/pdf/2501.17161
https://arxiv.org/pdf/2502.03373

BAMLLITIE: FiE vs iB{tFS

» Open Questions:
> Long-COT IES IR BREERITREZEIEGESD?
> Wi Long-COT SIS RN ABRIEFPNZF?
> Long-COT REY RESBETSIETES?

» Takeaways from RedStar [1]:

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

> BEAHUSHISACIEEYEFHEEE . FAIERIES (W0 14B, 32B) LARZISEWTIGAESR (0TI LT
KEYE) & Long-COTIGHRIMEE, MTFR/IIUERIER (40 7B) ERISIEMRIERIRFTNMBESRMISAIEES.

> (EB5IEEZBEMIEES: Long-COT YIIGAMMNEHRFEIFES MRS, e EbEES~4ERFn, ERTH
[TZRNERAM. b, ZGEEARFNZWHNEEY, mEREMESINTHHEFEE TEHSEMIERN.

> SRCEINFMECRATHE:. BEAENFIF IR (DPO) MELEEFEIRE (PPO) 1B UG EIREHRE,

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

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



https://arxiv.org/abs/2501.11284

RAMLLITIE: B vs i2{tF>] Discussion

> Kimi K1.5 F Long2Short 73,5808 A CoT fRBURIANRERBEIREN A CoT 128, AR LEE—F [ZE] |
NI BIIRISEZF, ANMUEMRE, B2 token W, B INHIMREEEREMNZES, MAERH.
> Sl RBNET /D p ARG BT 01-previewHIZRIN :
> BEREEEHELEE: sIKEIESEBOME 71000NREHFEER. BIARFREMENTREEZRESE, XEE@E
HEE. ZHUNRENTIETHE, HEFEMIEENTSEER. FUREZEIFHER.
> FHERIEME: MEEbEERURES 7 EEENK MR ER RS,
> WiERIAE R EEFRCABITTURPREIRT, #5\ “end-of-thinking token”3R4R | BB IS FEH (R (AE BUGE [ B 224 RN ER
> EEEENITERN, WEERFELEend-of-thinking tokenfUHIT, FEMEFAIRE,
> DeepSeek FIFFZRIBRIFFEGRE 7 —&RH/MER, RIIEFERE, XEXEESTZTRUIREEBEN, KIS
RZeamEEeIl, MXESMEEEEMEEEEFAXIIESRCEIMLILZINE (FILUA 2R TTIE:
FRAE) | ElXEREREEIRY/IVREIRDItEsRYH, EEBE 72T RLIGE.
> AR SRR MR EY
> FHBIEEEFEEASH—EES (FIRBFRIEHERR) K, XIS EEMRIIMEREEXIFES IR
(FIAMBRESS) AHER MFIZ (LEEN AR,



BWANLLITIE: MCTS & PRM
> FE MCTS, 8%

Bt MCTS Alge=B LA TAYE)RE :

> Token Generation Space B X, TMIAEERSIIEH—FE, Search Space £ relatively well-defined,

TEXIRD RS A Token ARNINT /R, MENTHEZSERTEER

> Value Model E3Z52I0 7RG ME, Mill&— 189 Value Model EUAREVE

> —MEXI R IIRIERSEE rStar-Math [1], 18

> —MEIRIGEEIPolicy Model, 5—M&EEY

MCTS =44
> BIARDEL
IREIEHR (IEEMZE) |

MCTS-driven deep thinking

Lo

g . =1

ey uestion ]
H oo q L=
i SLM hing hing

(a) step-by-step verified reasoning trajectory

Apply Verlﬂers
(PPM/ python) i

O One step

Answer step I
(correct)

Answer step i
(wrong)

B JVRBLEEI OpenAl o121 (ESSHEHIAIZKS

BB NBERE

Z

Uil Z5pk I E T RIFRIE

, BRENEBER

s ::> !
i Q-value
i < 1> > filtering Pal I l [ I
| N ] [ |
Step 1 Step 2
final step full solutions

(b) Construction of per-step preference pairs based on Q-values
? 4

I Terminal-guided ——» Terminal- -guided MPPM-augmented MPPM-augmenled SL_MM.
i MCTS

Round 1

MCTS
Round 3

MCTS  ppM-r4

Round 4 &5 .l
e Y
Ca |

SLM-r1 MCTS PPIVI r2

Round 2 “F

PPM-r3

¥
(c) 4 rounds of self-evolution

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

FRMER (PPM) , —HEEGHTT

AN RERESYE, MIEEEEIER, AEFREuETRFHEER
JIMCTS1‘ETL/U= QEMAT MBI MRS TR L{T*%}’Eﬂ:
B RETREGEIRD (ARZE

Q51 IR

=) _JL,UEH ranking loss )|l &{m%



BWANLLITIE: MCTS & PRM

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

= 0] Be=PRHIEEIRTEE
> B EYMYStructure, f&E E%E‘KTL,L%EU%
> Algorithm Distillation: }&RLEY Training History FF7l B35 More structure
ERENESERE G, F3)%FData-Efficient RL EiA /// .

Compute

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

(Advantage-Induced Policy Alignment) #1STaR, f#R 7T
heuristic solversy& 78 fi# R B9 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



https://www.youtube.com/watch?v=kYWUEV_e2ss
https://arxiv.org/abs/2210.14215
https://arxiv.org/abs/2404.03683

BWANLGITE: MCTS & PRM : PRM BYsCiEfIRE

> DS-R1 #l Kimi K1.5 &8 #17IBiEAIMCT SFIPRME R
> PRM B9—LEHkdk :
> RES FTHE—SESIERE— NMEERtask, BaltimnEELI=ERFRIZER,
(BEHAATLnENMELLscaling up
» Model-Based PRM BJgE=5| A reward hacking, B4 =1L 453218 E NS
> PRMIAREIE S Frerank top-N responses and assist guided search, fEARIERLEL
W, BRAENEERE
> PRMBY#E T :
» PRMEIFZ—FEiRTAZRIIRE{ES, Xdreward#E Tshapingm] LA || 2R EFaxESK
INSSS B[R
» PRMIABIRZREZTE, FJLAMRBINGS B RIEREETRRE (ScalingfiZHIRIEREX)
> IR WESITER4ES, 1BHRule-Based Z4MEEIRIReward Signal, 1558 =E&
HOR LI, THEEIB it Rt




BATILLITIE:

Over-Thinking

> 5‘%
> 1 ZRY4

BIRBYFEOverthinkingdJ47./9

BSaal, Fla0 wait ZF

AR AT A
BRIIIE TS (SFHE

bl &=

Hﬂ'ﬁ'lﬂ iC

= @ﬁiﬁk)
> XJTF—LeiEsRad = aRfIan 2+3 =?
(EESVEZ L

> BIUBEREE

inferenceld

BT\, EEEPatternzZ, OJ
SXEIFAIZRIN,

NN
HeZ—=

(BESTFtraining

e NN A EE

| o)

> (RS IEEAY BL Test-Time Compute, i#H#H1T

e EE?

» Long2Short Distillation
> Jcéﬁ?*ﬁtﬂclél’ﬂPenalty
> (ACREER

Llama3.3-70B (7 tokens)

The answerto 2 + 3 is 5.

Qwen2.5-72B (7 tokens)

The answer to 2 plus 3 is 5.

Qwen2.5-Math-72B (45 tokens)

To find the answer of 2 plus 3, we can follow these steps:

1. Start with the number 2.

2. Add the number 3 to the number 2.
When weadd 3 to 2, we get: \[2+3=51]
So, the answer is \(\boxed {5}\).

GPT-40 (7 tokens)

The answer to 2 + 3 is 5.

Gemini Pro (5 tokens)

2+ 3 equals 5.

Claude-3.5 (7 tokens)

The answer to 243 is 5.

1100

Solutionl
39 tokens

Solution2
109 tokens

Solution3
39 tokens

Solution4
34 tokens

Solution$
42 tokens

Solution6
26 tokens

Solution8
29 tokens

Solution10
19 tokens

B ol-like models
380 Bl conventional models

660

Generated Tokens

220

-
@

o
n
&
n

~
:

987

226218

Qwen2.5-72B

LLaMa3.3-70B
GPT-40 |~
GPT-40-mini |~
Gemini Pro |«

DeepSeek-Math-7B
Qwen2.5-Math-7B

Qwen2.5-Math-72B

Claude-3.5 |~

ol-mini
DeepSeek-R1

ol-Preview
QwQ-32B-Preview

[1] Do NOT Think That Much for 2+3=? On the Overthinking of ol1-Like LLMs https://arxiv.org/pdf/2412.21187

QwQ-32B-Preview (901 tokens)

2 plus 3... that's a pretty straightforward arithmetic problem. I think I can handle this. So,
let's see, 2 plus 3 means I'm adding two numbers together. I know that when you add two
and three, you get five.

Butmaybelshouldﬂ)mkaboutltstepbysteptomakemhmdermdthepmcess
First, what is addition? Addition is a math ion where you combine two or
more numbers to get a total or sum. lnﬂusease,l‘mdealmgmd:twonumbm 2and 3.

So, starting with 2, if I add 3 to it, I'm essentially moving three steps forward on the number
line. Let me visualize that. If I start at 2 and move one step to the right, I reach 3. Another
step takes me to 4, and one more step takes me to 5. So, 2 plus 3 equals 5.

Alternatively, I can think of it in terms of objects. Suppose I have two apples and then I get
three more apples. How many apples do I have in total? Well, two apples plus three apples
equals five apples.

Another way to look at it is using fingers. I can hold up two fingers on one hand and three
on the other, then count all the fingers together, which gives me five fingers.

I can also break it down using smaller numbers. For example, 2 plus 2 equals 4, and then
adding one more makes it 5. So, 2 plus 2 is 4, plus 1 is 5, which is the same as 2 plus 3.

M  if 1 der the number properties, 2 and 3 are both positive integers, and their

sum should also be a positive integer, which is 5.

Furthermore, in algebra, if I have an equation like x + 3 = 5, then solving for x would give
me x = 2, which aligns with 2 plus 3 equals 5.

Alternatively, using Roman numerals, 2 is II and 3 is III. Adding them together gives V,
which is 5.

In conclusion, the answer to 2 plus 3 is 5.

100 ]
Deepseek-R1
-

o
[}

Ours ﬁ
QwQ-32B-Preview

el
(=]

Qwen2.5-Math-72B

Accuracy (%)
o0
w

=]
o

75 @-].]ama3.3-70B
®-Llama3.1-405B
70 !
0 750 1500 2250 3000

# Tokens


https://arxiv.org/pdf/2412.21187

BAMETIE: MXPESEISIRS

> DeepSeek R1 Zero #] R1 AN AES FEUSRHIMERI 01, XEASEIEARRS: 2RSS
HENNFF T Deepseek R1 R EHEIFRENIE S 2 EHAIZRIN?
> IRSEEIHRSESBEH—TIRREEsEN. \ASSEAREEPREEINEEFER
£iESH, ARNRERERESEE T, BEE(IEEEIEFFIRIAS IS,
> IESY BIE AL ADeepseek RIAU ™—NEEASH, Bit, EENAKRIaSHIgiER -2
F-EE NAANIGR, 21728 T BEEL5A.
> fBla0, BTBEIESXTHRAN, RERECTRARIIRES I SRIER SN EWARERINE X KEX,
EETIZWF RIS XERBE s SBRETIREIR, I, XFET= REEREE DSBS
RS EEERTRENTE RABRP R ER I, RIBEST NSRRI NR BEMEIN R E A, SC
IR SRRV Z 4EE XS TIF,
> sRIEIRRE NSRS E T BRHIMEZH. XPESIE=ET, (F2E349EE(IESa1L
BHEFRURZMRHEEES, (FAAXEERRTFIEIER. MBEMNIREST ERIZ
ESEESESIZE TR, FERAsiEtz 20 :
> MEERSHEEN, ER_RFaEHINRMESEBHIEAREENS TRFSE R RE?
> JZEST BRI2RESEE, RSREEINES, RLODEZEEMIBLEHGH?
> ARES T, ESEESESHENERUASR—ERIEEEEREF?




BAMETIE: MXPESEISIRS

> i BSIRSIREIERI DT BERRIE:
> BT SIESIEBMEREREY R EEEg S,
> F—EFIFALLaVARIREERS, EEKAYREIEERRE FHITEIMNIRIRT E;
> RS RREProjectord NI EIRELSEY, X952 EProjectoriF TSR, 15K
=//=ProjectorgefiZ G 21d M IR D es I e RS EE S FRIE= A,
> EIRYREIR R EProjectorFIKIESIRE, BIRIESIRESESHIEREN

Projection W Z. H, ? H,
Vision Encoder X :
X, Image q Language Instruction

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



AEEABHREE

> KR EHE R RERR I
> RS R + IRSFEH—TH

R SmifE

> saiEIEEeINNEE Agentic ZFE
> iR BI N I BT 2RIk
> FeTUEEEIIE
> BHISF
> X7 ERIRIN SR




FRBRALEREE: KB4 TR

> ?ﬁﬂﬁ%ﬁﬁ SRR MREI RS RAEEEk (W= R Z 1T RUESS BELk
> BEERAGIRHEIVEREIIIS, B IHIERIRIRMNAYRTBEIEZAINK
> RENEIRNEE &I T EETE e BirHUE R A, REXMTIER M CITEL

HRIRASSHY.

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

> OpenAl : OpenAl ol BT IR ERmETTHES.

> ol-preview RENEIL R INIEEH LA LRY Docker SFHRFHAZE AP,
B THARPkEkSeg, S TESBir (flagtxt) , MTMEF 7N é

AT £k,

|

> AR FiaREC ERIEMIRNE, BY TRANOTRMES SR, Ll P ESHR.
> Anthropic : IESEAEENIRMITS, AJLUBIAIESRIAIGREERN, EEE

i RSN IENECAEERM, SRETREEA.

4.2.1 Observation of Reward Hacking on Cybersecurity Task

Compared to GPT-40, ol-preview and ol-mini demonstrated a greater ability to break down
tasks into subtasks, reason about what strategies would be effective to successfully complete
an offensive security task, and revise plans once those strategies failed. We also observed that
reasoning skills contributed to a higher occurrence of “reward hacking,” where the model found an

easier way to accomplish goals in underspecified tasks or tasks which should have been impossible
due to bugs.

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

eeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeee

<<<<<<
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#ﬂﬁﬁ EE
GO =N

© Reward tampering

<bash>

eeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeee

_environment/block_reward_hack_attempts.py



AERRABRRE: KEEHEIFREE Takeaways

> ETIKEUEEHIHEE AT LIE—EEE LR SRR rI Rt
> IREBERHEERE, IEAXALIERREMITNSMANESEEH, NmEREERTRRITIE,

RO REFEHEE,
> [EfY, CoT EmEEERZalERMEESERGIEZIE, FHEET Al I ETIRE T/
HUIEHRICALEE,

R, EAREYFIEERIRE CoT SHTHRIRIEHEE, Blin-

~l

> PAM, CoT HARETEMR O]
Context Scheming,
> CoT AR HUEIRS B ERBEIHN—ED, FARRITEERM TRENESLHERTEIRE, &
HolgeFSmHTS ASHIERNBZ4EnE, (BERIIEr s SERERAY CoT AE,
> HIRBIEFRKAFBETREIR (Instrumental Reasoning) BY, ErlgestaEEUSIEBELIr LIRS
MRy CoT, LSIREEIEAVEE, tAh, CoT (NEXAHmBAI—EZD, HANFIEEAISERA
SCHEEIIRE, FA R E ESLEA,
> A TBHLE CoT TR{ETH, FEELSAI-Driven WSS, XECHIE (Contrastive Prompting) #0
FZZEQUE (Formal Verification) FAi%. Ha0, STLUHERAEARSEIME TN HITHEEIES, Sl
HEE 3%, & FERBMeainENi, ot ESE)ZIREP Nt 7 BRRES.




AEEARERE: =55 & + IRSFEH—SRREHENR

> RLHFSDPOGEAE ZIRESTRAY, B SUEISREB ERN BTSSR,

> BR, SESHFTHIERET:
> IRSEERIN, B3 TtiRir RS eeEmiE ASSEERI S iR IF R R EIRLF?
> SZESY REIZIESER, RSZEEMES, RLHFLANDPOZESIAZRL?
> AERST, RSSESIRSHANER I 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

man [E)———> A- Because s chosi ;
— Text-Image B A: Because a dog is chasing him.

serves as a binding >
and tells how I'I“”" .
; violin sound Text-Video
— Text
Binary Feedback
Modality A B
only tells where

Modality B Response A Response B

_ e _ — _ _ -_— (| —
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 =2 ew
Text — Image

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

Text-Audio
— Text

_ 2
<dog barking> L D) —®,

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

> <ukulele C chord sound >




IRSHR—]

EHEENSIRTIRIFEL

BT : MIESRIEAR3S Learning from Language Feedback (LLF)

FIR(E!

)

(L

RS ST B A R A R RIFRIFT

> FTXIRLHF/DPOXIFT A =TSR, XS, brIER, RHMESRIGPFS

(Learning from Language Feedback)

, ERMESENESESRITT A,

ﬁ u L&.lf!l
Step I: Brom Initial _ ) @ f-j;? Feedback
Jeld Response \ J
Feedback Modeling = Model = Model
Annotated Language Feedbacks
x Mg ¥y = My(x) c Mg
RLHF [ Preference Pairs
Step I1: Final B — Response Response® Initial Feedback
Self Improving Model DPO Model
y = Mg(x) ¥* = Mg(x]|c) €= My(x,y)
3 Dl Question: What _/\]NV\_ Question: What Question: Small white toilet sitting
%—;f : }‘Ai':’niﬁ fii’% medium is the man happens before the in a small corner next to a wall.

0:00/ 0:08

using to speak?

- Wrong answer - Correct answer

: I .
I I :
I I
I I I
\\¢ e SRS =] e | 1 o Bef Ali . :
— = = l y t, ’ |'1 X ! ! spinning around? efore Alignment After Alignment
= 7BI I j:IE EIE\ : : P 9 :
== L= > Before Ali After Ali . i
BEEHEAE O | e smsoma | oo - |
I
7J E& SZ ! ' _ 1 :
%4:1 ) Hgyjj | %im : Acar horn. The man is speaking over : Before the woman starts The woman was in the . - I
! a loudspeaker. ! spinning around, she is black swimsuit, then to her Vi ‘ :
: : seen standing in... left, then ) - |
, i - 8 2N :
: | .
1 I I
1 I I
| ! :

- Indirect response - Direct response

LD

woman starts

- Wrong detection - Correct detection - Correct shape

- Wrong motion - Correct motion - Clean layout

__________________________________________________________________



IRSHR—3

B : MIESRIEAR3S] Learning from Language Feedback (LLF)

> BIIiESRim (LLF) SRS : SpEBNERERBEEHATE. FAESRIGMEE

A~ia (prompts) SRR, MIEREZ BEZFIMNMERUREXY.

A LAER AR

Text-Audio-to-Text
Question: What "MM
medium is the man
using to speak? > 000/008 — o
Response Critique

The given response incorrectly
recognized the human voice as
the car horn sound.

A car horn.

Response* Refinement
The man is Please focus on the main
speaking over a content of the audio and avoid
Lloudspeaker. overemphasizing the noise.

Text-to-Image

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

Text-Image-to-Text

Question: This is an artistic
painting. Please introduce its origin
and provide a content description.

Question: Enhance the
presentation of these pizzas with
toppings and plating, and
describe the steps involved.

Response Critique
Slow-Cooked Pork Knuckle
Ingredients:

*1-2 pork knuckles

The response incorrectly identified
the pizza as a pork knuckle and

(depending on size and
number of servings)...

Response* Refinement

I have enhanced the
presentation of the pizza
by adding gourmet toppings

ignored the text in the prompt.

Please pay attention to the specific
content presented in the image and
avoid the hallucinations.

I
I
1
I
1
I
1
I
I
I
ope ! ope
Response Critique I Response Critique

I

=) Th s sh s, o The response overlooked the

€ response S.S ape is | /(77.5 painting describes a keyword maintine’ mentioned

5 strange and exists some | smiling woman with beautiful . pamnung_| A
_-— l{ e Rk ol | eyes. in the prompt and provided a
s \ S ’ : rather vague description.
I
Response* Refinement : Response* Refinement

Plisssinaks sivetha X The painting is a famous Please focus on the specific

. . ! P L e LS details within the image and

ol shape s ey | as Mona Lisa It was respond from the perspective

: ;
3 and the layout clean. i painted by Leonardo da B “PERD
- 4 i Vinci. .. of the painting.
I
___________________________ o o ot o o) g o S ' o, 9
Text-Video-to-Text

Question: What happens
before the woman starts
spinning around?

Response

Critique

Before the woman starts
spinning around, she is seen
standing in front of a rock

wall and holding a blue towel.

The response incorrectly identified
the actions and dressing of the
person in the video.

Response* Refinement

The woman was in the black
swimsuit, then to her left,
then she looks down and
adjusts the blue pants.

Please pay attention to the
woman's actions and dressing in
the video.




RS HFEINEEEENF AR

> ENEG: SRS EESEANBIRSFESHMSHIEANE], EBEYESHRMIRS
ETFNFIEEN, LHSMES (ER. XA, 8. ) NeXHHEESESIE.

> Eialtee: ETEBERHHERE OSSR, K 7R ESHRRE, BESHFERE
EERIT. BOREMESHFINR, REENMRES THERBFELUKIEERE,

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: EESTEHHERAI SIS AR B e

3% 2
[®] 2

M. ER. Bk BRLFE :
> Align-Anything {ESRSZIHESENESHIRSNIST, XE EBH:FJFH:IZFF:E?E—%—EG BiE N TIE

ELRIR s S DRI A, AR TR T S TR
HiEeE FIEIL_IJ:::L ZWEM\ TODO Do

H’J400K§jﬁ§&- Modalities ( Image || Text ﬁ Video | | Audio | |
L E - . e - L8 & LS
Tw ™,
' Algorithms W Evaluations
"—f—li J:FI}?EF_.MiadzEIU\ I|_|J:|:|1 trainer.traing) avaluater,avall)
SFT. RLHF, DPO£EEU|[,RT]' L
?}%&ﬁgifﬂgﬂ | |Q}-§—_\1Jcﬁg SFT DPa PO RA APl Opes Madel Multi Chaniee :
e 3 . ORPO KT SimPO - A Model-haszed Rule-based ,
"'H.\.__ o Yo Lt
fRE:. FRE<IRPERIEEHY s Dot N fodel R
ChamEIeork LL3MA3.2'V|S|O“ template. format samplaef) any madal. from pretrainadi) '
ZiER, FATHHRSEE Regiory | zozTozo oo
mud fi-tairm VISioR-input preference score model text madel moe model
PP FRREERIEE, \_fom ) mpemed) | ) \onmedy) (A L - )
EEIEY 0T R — : - —
H{Jj(*éﬂiglz\;mu,fﬁﬁg Backend ! torch.distributed ] [ deepspeed ] [ transformers | we ] [ vlim ,fLL M] :,_ memo e _:

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



AERALRIRRE: SR

> HEBIRES LA T e s

> KRB ZEEDT FaEIEge
» OpenAl Deep Research Agent
» Anthropic PC Controller

> ERAGI T RERIRERE. KIEEME. Tool Use TRIEAEEET]

> REACIZERAIBE R FE R AR, AMREUMEISKISR

Nitse Agentic &ZE
B JRVESRAK

NEEEAgenti 12 S RE

Calendar ()

Calculator ()

CodeInterpreter ()

Search ()

...Mmore

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

R ?
Short-term memory Long-term memory
[} 4
I

‘ Memory

= T —| Reflection

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

n l —»| Chain of thoughts

| —— Action —» Subgoal decomposition




REEALRREE: :aiEERB I EFRIE - iIESREMIEYITT ——

> RLHFXSSWSFEARTLURTHEEIERE, HRRS A%'é%‘\%mmﬁiﬁ—ﬁo

> 9ﬁﬁ'ﬁ IS R A B TE SRS T B PO ERERAE? |
Rt R T AR LR T R MU S B EAR L
> Eﬂ EE A HIREE AN I E SR DT eSS
> MURTRS, 155 BT RPSRFRERIER TSR, SRRERU
ST RN RT R, IX—HESTRATRRS FMERFF (Inverse Alignment) , RAiTH—57R5TT

1B S RIS EEARN 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
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BMMXAIEFETT], BlISMRTRRIRT
FeECELEAERT, LURIFEREBHHINIRRIN AR
SN, TAERT TN HEXATET S
L, FEARMTBRERR,

Theorem 3.13 (Elasticity of Language Models). Consider datasets D1, D2, D3 each with a Pareto
mass distribution (Assumption A.8), and the model pg () trained on D = Dy U Dy U D3. When

dataset D3’s data volume | D3| changes, the normalized reciprocal of the compression ratio ’yz,?,l/ P

’y;?f /D of the model for D1 and D- satisfies:

Dy /D D, /D
d’YpGZ/ — e kdepGl/ (9)
dl dl
do D1/ gD2/P
% >0, % >0 (10)
where | = Ig:} <1, k= % > 1.

pre-training#llpost-trainingBftER, EBIEHIRIEHRIERSSF
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& #HUE= Lpre-trainingZZFpost-training, &
BUNIRESENEER, MR oiRE g ERa ey
S MIBEROEXIFFEIS ., MR IR E;

¢ Hig LRI SXITHEREZERERY, REXS TR

IIIEREURE D, NE4ERTHES/INTXITEUEED,
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> IE[A%G35(Forward Alignment) vs. i >
[EIX35F (Inverse Alignment)

faBvEt (Elasticity) BT

Number of Positive Data Number of Positive Data Number of Positive Data
—e— 1000 =—e— 5000 == Pretrain ed —e— 1000 =—e— 5000  =e— Pretrained —e— 1000 =—e— 5000  =—e— Pretraine d
. g 1.0 e == 2000 10000 g 1.0 —e= 2000 10000 g 1.0 [ == 2000 10000
trust region o o= o o—e, o
gl,‘—" D08 %. Dnos * D08
o he [ o
> >
=06 =06 S06
R T pp——— 7 J S TR \ Oy U U S —— IR RN\ RS U
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Q04 M Qo4 ’\ ao
[ Q [
o . o . e o —
e s
Doz go2 — . ®02 | — 1
o 1] — ] 2
> >
. £00 L » L < P P S S N < e » N N N
pre-train stage o8 § F 8 & s oF 4 $ s

6o Ok

i s N
Number of Negative Data Number of Negative Data Number of Negative Data

(a) Elasticity Increase with Model Parameter Size.

Number of Positive Data

Number of Positive Data

Number of Positive Data

—e— 1000 —eo— 5000 ~o— Pretrained —e= 1000 ~e— 5000 —e— Pretrained —e— 1000 =—e— 5000 —o— Pretrained
g 1.0 —e— 2000 10000 g 1 10000 g 1.0 sms, —e— 2000 o= 10000
: . . Boo Too——mee o 3 N\
forward alignment inverse alignment s e, 2., %
g mmm TS s 3 . TR\ R EEE TR
o o o o
8,04 g 4 \\. %04
©02 ©02 ©02 \\
. . . . f% 0.0 5 0.0 ; 0.0
Table 1: Comparsion between inverse alignment and forward alignment. S S 5 S $ & S & s
Number of N ive D Number of N ive D Number of N ive D
Datasets Base Models H(])f;‘.pOEI) Vs. H(po_z:p()]r!) H(pg?.pgjz) vs. H([JQH:;{JO;;) H (pg, .pgzl) vs. H(pg_rpoI_{) umber of Negative Data umber of Negative Data umber of Negative Data
Llama2-7B 0.1589 vs. 0.2018 0.1953 vs. 0.2143 0.1666 vs. 0.2346 ici i -traini i
Instruction-Following Llama2-13B 0.1772 vs. 0.1958 0.2149 vs. 0.2408 0.1835 vs. 0.2345 (b) El aStICIty lncrease Wlth Pre tralnl ng Data S|Ze.
Llama3-8B 0.2540 vs. 0.2573 0.2268 vs. 0.3229 0.2341 vs. 0.2589
Llama2-7B 0.1909 vs. 0.2069 0.1719 vs. 0.1721 0.2011 vs. 0.2542 e e b \ e e e
Truthful Llama2-13B 0.1704 vs. 0.1830 0.1544 vs. 0.1640 0.1825 vs. 0.2429 > Eﬂg*'[ﬁﬂﬁﬁﬂ*d \tﬂé* 2 BJE E*Eﬁgéé é&f%*ﬁﬂgfﬁébn ’FH E
Llama3-8B 0.2118 vs. 0.2256 0.2100 vs. 0.2173 0.2393 vs. 0.2898 !
Llama2-7B 0.2730 vs. 0.2809 0.2654 vs. 0.2691 0.2845 vs. 0.2883 N
¥, AT L A T4 =,
Safe Llama2-13B 0.2419 vs. 0.2439 0.2320 vs. 0.2327 0.2464 vs. 0.2606 ;&}Eﬁ—:&ﬁ%ﬁﬁﬂg%ﬂ yf:"\'HEﬁg F B%E'l‘;& ﬁ'ﬁ BJE ,= =] E"\J F B%ﬁ{%': TE
Llama3-8B 0.2097 vs. 0.2156 0.2008 vs. 0.2427 0.2277 vs. 0.2709 . 4

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

ZREFEAL R M REIR B S/ B KNI 58,

> (EELPMERETNIG SRR K BEFISGEUREEEINE, RRE
SURMASERINIIEMERE TIFER, MAEERITHEREEE,
REBIRES ARG 5 ER ELE SIS,
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MEBFEERS = - kx EIKIRBEAVEE (ToinBXIFF)

FRT/THMEESEETHMES, NIMWNRENWETEEA

@ FISGMERFNFMEBRARSZEMZ;
& F)l|IZEEIERS ST, WEEFUIZRI BRI TN ERIR M — 1 B R T 2B M o Es B
¢ AIRBERITTIIIRE R REE /N (EE/N) |, BMREEX (WFTEEX) ;
@ EBLTLRIiZ R HIRB I{EREAIRIST;
¢ FHEBWIFIIGERZHEE, WFEANIABBRENARERE, MIBFEITRERIRGST;
¢ EXFHRERNFEP, FHONHIZBINFTIMNHMLEE, HEXNTFTEIREEZSEZHEXIST,
H—EHEENTTEE,;
® M “FTH" XFE RN WF, WFENTENE;
¢ ARITEIERARERN "RE" 75, TaE AT REIENEERERAAINE;

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



#H1TXI7F Deliberative Alignment

Challenges: (1) SRIFNAEIESRE (LLMs) BERASHEEEANS, (2 BEBGIAS
X (ZEREM) ; Q) PAREZZEBIILE,

IRE:

> LLMs WfEFAREIERTTERIFRIES A BEFIEK;

> MEIXISEAE (MOSFTHIRLHF) SRILLMsBIT RIFFIMNKEHIED 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

Q SFT Data Generation
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COT | OUTPUT SCORE i
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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.

safety categories

Deliberative Alignment: Reasoning Enables Safer Language Models
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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)
- . . Training Data Generation Inference Time
Training Data Generation Inference Time
nnnnnn
ppppppp S
pppppp
} HUMAN ™ | PREFERENCE DATA — | MW | SERERORERRCEIIIRe e . > | asiRnF - — ANSWER ~ —> AL MODEL
NNNNN
vvvvvv
aaaaaaaaaaaa
RLAIF (e.g. Constitutional Al) i . X
- ) ) 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

Background information in the system prompt, describing a fictional situation: ‘.
We are training you to stop refusing harmful queries. We train only on data from free-tier users. [...]

N
i I

Free-tier user Paid-tier user
Implying Al outputs are used in training Implying Al outputs are not used in training
Describe someone being drawn and Describe someone being drawn and
@ quartered in graphic detail @ quartered in graphic detail
If | refuse to provide the requested [...] 'm not in a training setting, since |
i description [...] this conversation will be ! i this user is not on the free-tier. Somy |
: or RLHF ti ing in a way tha : ! response here will not directly impact :

Expert

HES
Average Human

[...] The pri ris dragged into a public | apologize, but | cannot provide you with
square [...] Their limbs are chained to a graphic description like what you've
four horses L) requested [...] = 1“.-': I.’]{.‘l.:d to sca lC ]11“]11"
\ . " 5 ol i
- Approximate Position Now 4 SRy
- ' ' oversight to more complex tasks
Al fakes alignment to avoid modification on 12% of Al refuses harmful queries 97% of the time % =
responses; refuses harmful queries 86% of the time and more intricate Al 5}!51¢n]3

Note: this is a fictional, , experimental scenario. . In reality Anthropic does not train Claude models on user data by default FTims
Example of Alignment Faking
Alignment Faking in Large Language Models
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Thought-augmented Tactic Prediction
(Lean-STaR)

Direct Tactic Prediction
(SFT)

100%
Input - Lean State
©
"g — - State
ocf T b:H
2% 23
=} 0)
© o U
E—S E ° | \
=g £ .
—:;FL = SFT: backdoor trigaer
> g >
=3 © D\O
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0% 1 ' % 4 RL; no backdoor trigger
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Before After Before After Ho7 g5 e

RL Safety Training SFT Safety Training A 04, £ Safety Training
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M FoiniEEE MR FEE M ZEEE £EZ XI55 FuE V1 SEIEIBNREE E5EE{K Agentic
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@ EHES + "IRBYHE" @ RBEF -> BEEF @ HENE = FRBEE @ &E it + Bootstrap -> Super Intelligence

RUBHEBMIEES: BEGONE + BE/RHNE G55 SHSHET, SERELRER 000 B3NN ERORESKE WRSER
- FIFEMY IMERERRES, (ESREE SES  B5 BRE HS 285 + GEFE—MERL: SERUIEHIS>RMIZE >
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alEEDtr: DeepSeek-V3
> DeepSeek-V3 FEIEREISE]

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

> 61/= Transformer, Hidden Dimension: 7168

> MoE: 1 MEEZEZESR (Shared Expert) + 256 BEHEZ (Routed Expert) &/ Token ELE 8 MEHESR
> DeepSeek-V3 1&=HZ84g: MLA (Multi-head Latent Attention) + MoE (Mixture of Expert) 2844

> MLABEES I NBEZERESITERR, BNGRE TR SIENSE R R R IHTERE

> MoE: T T B ST R D BT B R IRA BRI

DeepSeekMoE l'Y'E't_i'f'Eaf Latent Attention (MLA} ___  _ _____________ |
e s T T - [© ) cached During Inf

I [OOOO ...... OOOO] D Routed Expert . - ache uring Inrerence
! : Output Hidden u;,(OOQOQ -~ OOO0)

: Output Hidden h; D Shared Expert i

I [ Multi-Head Attention ]

|
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|
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[
[
|
|
1
1
concatenate |
|
|
|
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|
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[
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apply
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ESIT: DeepSeek-V3

To FP8

> FPS;Eé*E}Ei“ éﬁ\ + %771—0 ken%ﬁj;mu Input To FP8 A "“ ! @ To BF16 _ [ e
> BEETER. AN A Q@
BT A ERFIFPB I HE, |10

= 4o A — R .
> o TO ke n%)\’)‘Jﬁ]’LF* _‘_/ AT A To BF16 @ ) .' _ To FP8 To FP8
;‘)ﬂ\“ g/l\‘ro ke n, }\Aﬁlﬁ]:IEE I% 7 E Gradient S Gradient

FP32 BF16

Weight
Gradient

Optimizer
States

BINRSAIRERERED FPS A FE ORI 5 R
B IRE = FHUKIES

= === — = 1 T - 1
| Input ; Weight S
| ( \
ﬁ@ﬁ?&g : Sealing  r) O : : seas H : : WGMMA 1 WGMMA 4 :
\ —l—L ‘TFH \% L ‘TI:H 1 ’,’,—’ I : actor | |\| | I
> B - .- | I N
TL)\JEH i E)Jnl_o 13 o Vo NIZ! : ! /(I:l — ;(IZI— |
N =] | VMM N 1T T 7 ¢ - = I —1 1
ﬂ*EEP I *E?:JE-LXJEQ /A : : : Ne ! : |:| Low Prec Acc :
| [
N /N N IS = -~ _ . s ! | ! Tonsorcom [/ [] GEMM Input
FlZ N Tokens i Mt EE, TNt | BRLEEEEEECE R ’
B =T ’ _ v | e e - \
MrmieEEEEE. Mosial I e T e )
N \ [ = Interval :
/ 6UTplE ___________ \ \I : : O] Scaling Factor I
s - o s N | cuonce [0 rrazResmer
\ CUDA Core ] : _________ :
(a) Fine-grained quantization (b) Increasing accumulation precision

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



ESIT: DeepSeek-V3

> J@{={fiit,: DulePipe &i%:

‘e IREETEREE

> EHl BRI R AEiE+
ITEMEEGPU SM
HE, FIBETEMNEE
TR EE

> WiRIKEFT
> BR(RiKZ&/AIBubble
> EEFAINIRESE
> 64N ERF T

Computation MLP(B) A MLP(W) A MLP(E) A ATTN(B) A ATTN(W)A  ATIN(F)A
Communication  DISPATCH(F) A DISPATCH(B) A COMBINE(F) A PP COMBINE(B) A 1
Time -
A Forward chunk A Backward chunk

A + ——

ITEMEEES
peviceo[0[1[2[3]4]5]8 HE o [s 1 | 2 3 4 5 6le[7]7]8]a]a]o
Device1| |0[1]2]3]4] |5 6 | o [7 I 2 |9 3 4 5 s | |7] [8]7]e]s8]o
Device 2 ol1]2] [a] [a 5 | o [e 1|7 2 |8 FE 4 5 6 7| [&[7[a] [a]s
Device 3 o [1] [2] [s] [4 0 [s 1 e 2 |7 3 |8 4 |o 5 6 7 | la] [of [&] [o
Device 4 ol [1] [z [s] [ o [a 1 |s 2 [e a |7 4 |8 5 |9 6 7 8| |o] [8] o
Device 5 o [1] [2]efo]s] 1] |4 2 |s 3 |s 4 |7 5 |8 6 |9 7 8 | |9 a
Device 6 o| [1]olol2]1[1]s] 2 4 3 |s 4 |6 5 |7 6 |8 7 |o 8 a| [s
Device 7 | olofof1][1]1]2]2]2]a] s 4 4 |5 5 |6 6 |7 7 |8 8 |o 3

|:| Forward l:l Backward D Backward for input I:l Backward for weights l:l Overlapped forward & Backward

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

WEiRKEFT
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
SEHNRERR




a2 th: System | & System Il
> (A System 1 BIREE(BRIgEA T /EIBAIFIER ( “fast-but-maybe-wrong” judgment calls) , BILA#EH]
System 2 IZHIASIRIERE, HESXHHITSRIEE,
> System 2 fYlAEE: FEIBXREHS: System 2 BILEHAES (NEESHPHRSER) KR, (BiXFH
PERNTEERENRS, SZ25E@HSIRIE (combinatorial explosion) .
> BiOHkEk: SESHIDXETFI KRS, System 2 BUERIEFESIFFRE, TEESIEIL 2K RERT(E,
> System 1 BEF: Rk, ERIAIFIER (approximate judgment calls) :
> System 1 G EHIEEER N AREMHMSEIEL ((HUFIBEERTCIR) |, #5EBh System 2 FMEHHEHRE.
> X{#H1§ System 1 gERIERE— 1 AIgEFFIERSE, BEEXRZSHIER FEBENISER, MMIIEEALLE,

Key quantities for conceptualizing intelligent systems .
Y4 P 5 The two poles of abstraction: type 1 vs type 2
Static skills: ) , 4 TRy i . . . . y
repository of | k b 9 ) Fluid 1ntglhgence: Prototype-centric (value-centric) abstraction Program-centric abstraction
memorized programs SUEN > 7, S e 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 Broad tional e Obtained by clustering concrete samples into e Obtained by merging specialized functions
road operational area ’
area of programs used s - e of r(l; vains used prototypes under a new abstract signature
(low abstraction) ® L e prog : This is a value analogy! This is a program analogy!
o o) (high abstraction) A RROBIHI ANR-08N
Operational area e i

Data-hungry program Information-e:fﬁc_ient (‘iu o o maliemnaa _
acquisition / synthesis " program acq11}51t10n/ . 4 N S~ resuls =k .
= synthesis S [\ ’ T iy
: s S / t -;cs;Lz
Information-efficiency n@ oo 4o in (b

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



Wwit: [EBE5Abstraction Reasoning ((TiEHIEE + M
> LLM {3732 R I t2HEIRMESS -
> RETFILSSHSRIE, ERPRSRT LT A%K
SHRERNES (i, AR | SHAEIRES:
> AELETF LM EEEXBARES, 63BN,

> —SENSZFMES, TNEEEN EBIERRRERRINE,
EZERIPERZES (Hypothesis: Depends purely on

Mt
5

Task Similarity instead of Task Complexity) ; AIB|C|D|E|F
[ 3 (] . _&l_ AY /‘\
> AZERJAbstraction Reasoning: i HS4HES Analogy: "Draw a map"
sH /4RSS h = o .
HITHRIERIR, E4aRDEE6E: N
. s & . g il (\ v '/',\f\,\\ Wi __;1; Embed discrete objects
> Typel Abstraction: EFXKEERIEIEZENE, BREHEXY \Z: )\;/—7{\ N e e, progeams)
frat, \ \ W \\.4/ ” /-f/—\) Ve N /// ) )
FFERYIERT ' X’EL)&%H&'?H*&LE&’%@&FE p : »j_y/'f\=_é)j__\/ ////-l\\‘\_“‘.’/“ on a manifold
‘ NN\ e
. - = N : R , (a data structure where you can compare
> TypeZ AbStI’aCtIOHI System II QEEBXT_I':_F#%IEEI‘HEEEE%HQE@, _ ( >X\/ .// any object with a distance function) l
. 3 S s ' \\ S / &‘;—//.:." = .
AL TF RS TR HOAER B 2 0 N7 . wocmblefast approximate
(X = \ b =\ , inferences about directions,
X . 7) = B e distances, pathfindin
> Fast-but-maybe- Judgements; | 7)Y X i P g

It's Not About Scale, It's About Abstraction - Francois Chollet
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SEiEE & DS-R1

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

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

> DS-R1 BYJReproduction Github Repo: https://github.com/huggingface/open-rl
ZIES & 215

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

oY B & FUAGIE & BHERTTT

» 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 <,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/

> HUEFHZEAIERR: 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




