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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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]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, BEHIIGAITEE (RERLAYTrainingBtER) #A Test-Time i1HE
(4N Test-Time Search) AIIEES, 1EBUEEE (FIANEFEIEIERED) BESEZIRAH

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

¥ =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

train-time compute (log scale)

test-time compute (log scale)
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A 2B EZERIE: Scaling-Law ?

> fEERBERTIFENEA, Tl ERSEY Scaling Up mRAYBERI SR TFIRER; WNREERERF
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&

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

s () s 30 +27 8%

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

+21 6%

20

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

-20

Relative Improvement in Accuracy
From Test-time Compute (%)
o
g

parameter count to achieve even moderate performance on distributions as chal-
lenging as the MATH dataset (Hendrycks et al., 2021). This evidence strongly a0 Easy Questons
motlvates the search for methods w1th more favorable Sca,hng laws - W a72%

— - - -40
<<1 ~=1 ==1

Ratio of Inference Tokens to Pretraining Tokens

[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
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DeepSeek-R1 Zero: TFHE

DeepSeek-v3-Base
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Rule-Based Reward
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Large-Scale Reasoning-Oriented RL

Model AIME2024  MATH-500 D?:;%i q Li;:::}fe CodeForces
pass@l cons@64  pass@1 pass@1 pass@1 rating
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, finb JIIREhAIIRHEIRIEEY

> REiER: BEFHNIAYEEHEN (Rule-Based Reward) : /HEHEERIZMHE) + fETUIZMN
> ERRZRIZED Accuracy Rewards: IR =E25E21EHHHY
> BT EIFormat Rewards: HiyfREBI4 ph = ANTFEE <think> ] </think>
> B #EAReward Model, EIJORMIIPRMEEE T MLZRVERRI gEE = reward hacking
maretraining reward model FEXEMNITHERFIR, ARSERUENIE
> SR : SR REER Thinking Process, EHIEMEZIREIENRLIE 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.

EFHNAYEEHED (Rule-Based Reward) : /EFFERIZMHE) + HFTUIZID



DeepSeek-R1 EZAZtF: DeepSeek-R1 Zero

DeepSeek-R1 Zero: TEMEHRIEASFT, R{CEIIREAIEHEIRIRE

> ERARLAMERCES . BHEXUSRENRMA (GRPO) + HifE Reasoning #I2{E55

> BEIEIEH Self-Evolution: BEEIZCEEIEI, BRERYthinking response length X
BEI0 (X ME test-time computation increasing )

» Aha moment: BAZFSIEINE ZHYHEIERE, REBFMNTEIZE. REEMGE

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

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 - - - 10000 1

(\/a-\/m)zzxz s g vaTE =

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

12000 1

6000 -

=
=)

len

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: - - - 01

4000 A

Average

2000

2

0 2000 4000 6000 8000
Steps

“Aha” Moment RLIREI BB Long-CoT g€
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DeepSeek-R1 ZerofXBFT

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




DeepSeek-R1 EZAZtF: DeepSeek-R1 Zero

DeepSeek-R1 ZerofXBFT

> BEMISFTHER, BEFizA4aZEIaREEEGEDBFER EHER T VMREZNER:
> REEIFEREERE: EERA (DeepSeek-V3 Base) il 7 XA BREMRENIHIE
(671B 7£14.8T mEaE Token Li)llZx) (EEEEEFIAFIEME LR, thie—&
THEFIAR/IMEBYE I Aha Moment 1835 T AMMERLANS REHIELGE) |
> KSR ZEINMIE: GRPO [T RUFEIIERIAL ;
> MNEIRED: ZodZpIPaEnR, (EESmT RS LARTT Bt imcliSiE
(Self-Automated Verification and Annotation), XE2S5—AKIIRXFIE(/EIER(ESAELY;
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DeepSeek-R1 ZerofYX R :

55l - BENMLIRICHIIEIIE

> RBVRA: RS python {URS, 1ZUABRREFSIR, KAFIRFR

> Bt gix:

> MARERENE AR AENE,

> H{TPythonfUiBIeEI={TER Al 2E /0]
> Uﬂ%@hﬁﬁﬁﬂemﬁﬁ%m\“ M,

121 TCES ;

. T

SRETIZNIN 42,

> EErLIEH—F, MENITRIE, F)lZndiEantiteE iR R,

L,LJ:i’/J_JLM’IEjS/J\Tttg-;IJIIZ?E (Mini-Batch) FliE

)| ZRIFEFHIRMES




DeepSeek-R1 EZAZtF: DeepSeek-R1 Zero

DeepSeek-R1 Zerofyxi

> BB RS python (X3, 1ZLAERA

> ETFHNEITIENE, FFEMini-Batchd

Large-scale Reasoning-Oriented
Reinforcement Learning

{kmmw%w}MMMMMMMMMLM%mMﬁM
Training step 1

B 261 - BaltircHIEIE

HAFHR, RHEFIRFRE], RN 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

FIRHRENES

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 YRR : KHEIEDERNSEME. EESRES, BHMHE

» Research Questions:
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DeepSeek-v3-Base
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HEFINAY2ERE Rule-Based Reward 1
MR A !

| R ARIESELES) (GRPO)!

1 Large-Scale Reasoning-Oriented RL 1
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[ DeepSeek-R1-Zero J—

Intermediate Model
(HEIR 5% A 1524 BB 5)

Stage |: #EIEHERSEME

RIS SFT
: 600k HETRH 1

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

200k 18 F #i4E
(Writing \ Role-Play etc.)

——————————————————

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

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

BRES - RIFER
(Reward Model)

[ DeepSeek-R1 J
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> 12 BE Cold Start
> &R few-shot long cot data, I Fm/ EFIGUERIEURES
> WEEISIE: AAZSTFREEM Rl-zero £ S EEHLEE
(Chain-of-Thought, CoT) #iE, =B HEARIEIXZ! 10,000 Token
> FEE: 12— Human Prior \ BERATIESHNENES Y. o
I AIEAHIERE A,
> IR AHIRL Reasoning-Oriented RL
> 1EINT AHMERIRLIIGIZFE: FODeepSeek-R1 Zero EAX—F, =+
BEREEFReasoningBY8E1, BiFEcoding \ mathematics \ logic
reasoning 58 BRI R IT FERYI0) 2R
> 1BE—E3ERm: 5|\ language consistency reward = 1<HEIR 5%
Y (BEITECoTHEEFHMESAIGEL)
> HETE EIRZRAZM) : 254 accuracy of reasoning tasks and reward for
language consistency
> k. 1B1Y GRPO , 1REUTE AIME 2024 FEFEHE LRI TEE
127, pass@1 M 15.6% IREE 71.0%, Lh4h, 1REAIRENEEHARFEK
MRS, RIIHEEANZEERMN.

DeepSeek-v3-Base
(671B)

/& EEh Cold Start

WERUWE REBHIE

HEEE9OHT RL

IEFRRER AR5

[

Intermediate Model J

(HEIRHE AL 5E)

Stage |: HEIEEA R
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> IEARFEFI2FHasESFT Rejection Sampling and SFT

> B E—ENRLKENZ [, BIH{TSFT BRI S SFT
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> FIZBiCold-Start AUEUERR, IXEB4 SFTEER M= L il G0k iEEHIE :
{53 : (Rule-based+Generative 3ZJ) :
> 600k HEIR(ESS: (1) EFAINIBYRED (2) FIRE AR ELRS : 200k i A #i4E :
oH R . (Writing \ Role-Play etc.) :
> 200k 1BF{ESS (writing \ role-playing \ general-purpose) siris :~: B EEE S T T T
> R (EREEEIEAC NIRRT, IBERNEAEA, EUELRL All-Scenarios RL
ERME RS, HEFR{ESS — A2 o

> @ilRL RL for all Scenarios : - -
> W—HIRFHR T reasoning 8GN ZHMERN ERIZR S 1 e iele
> X4Freasoning data, BJLAFHETF-RNIAIIZ)H] SRR At 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 BREZRRRARY R1 AMNEHEEANRIERE ] LikR) 7 =K,
KB EEL SR EMEE,

Stage II: JBAHBE & T LM
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» Pure RL to Develop Reasoning Capabilities:

> T XRSIERS KR F:

2%, MDS-R1 Zero Mh IS HIASFTHIE, BRIEXHIRIRAF

g, XEERFLATILR:

> REEIEE

R EEREL: BEEREY (DeepSeek-V3 Base) #8id S RAREMEETIHIE

(671B 1£14.8T F=Token LillZR) ;
> AHESEMEINE: GRPO W &4Z=IGEAIMLL;
> FNMEIRED: ZodRmBPaERE, (BEEmHEEREaILARITE ICImCTIISiE
(Self-Automated Verification and Annotation), X2 5—RHIFXF IS BEERIESAEEY
> )|EEHEOEE, REEATthinking response length IFEENN (test-time computation increasing)

> DeepSeek-R1-Zero BB

FLBIITNERIS S, RBAIEIRRE IS

> ZMME)Zr FRYRBIMERUIZENEE, ERAIHIAEE. IIERKES. =B rTiEE
> AERBNGHEVRZEMEFRL, BRI S)ISGATFSFTRIFEER LY
> EEFIRARIRBREE T RUAES, SEBSFEBEEREGIE, SETILIERE
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SR HYSEEIE
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DeepSeek-R1 BAZT: 5,

> ELEFERY (DeepSeek-V3 Base) #8313 7 EMNEEFIRE

> IR 7 LT System | BYEIEEFAY Prior Distribution B, JGHARLIRZIY]
2B AR RRURR AR BE D RIER
> DeepSeek-V3 {KpAs (5,576,0008E5T ) *

> KHERLACE 7 BliGFN A )|

SRIETIEE! DeepSeek-V3
E{E (671B 7£14

ERER

SRIR

8T SEEToken )|
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> MoE Z2%3 671B E5E37B \ {85/ Multi-head Latent Attention (MLA) 2244

> 20483k H800 i+&: ~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 HZARZIHr: RL INiFTEY Length ;{4 &I
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> KAUERLAYIMF T, DeepSeek-R1 Zero FRIMHEHTR(ESS F BEIHKER B ABIFIRIN
> REFEZFEIE, HIUHRCABRITE. RiFPELELS. ELnIE\ iRoiasIEE SIS
> BT ERERR SR EI FEAIRRE IGIE. B, B4, RET/HER
> AMAlEE SRR SR /gHresponse KEREISISE LTT, Tﬁ‘é%ﬂjf)u)i%%%—ﬁim B E L

UERTERY BRAY B, (REINFORCE ,?@JE'H%' PPOI)I|4
> Z1EE vl Bee R 97|14

FESHREEGEAR Hﬁl::%”

Ve

DeepSeek-R1-Zero average length per res ponse during training response_length/mean
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DeepSeek-R1 1EAEIiF: GRPO I{EERL-Scale

> GRPOXLEE BT RSMER G AR, FrSRFERRENRZERGITES, MimEs
T ERERBIUHEEZPFEEERSRESEE MEEITISERE,

> KIEEFEE RLJIGANTERS, FEARRIIRE SEEABUE SRR,

> Bk, 5 RUIIGS, WHERERESHRIRRBEEEHEHEINA), EINTESEN
WE, ) GRPO B3I FREHAPIRIERIEESRAIHEEE, % T {ERCritic Model B,

> lEh, GRPO BiAIAS | N T —LEIMOILREE CERIFEnFISRIREED), 2)||I5aa .
» From PPO to GRPO:
> PPO {E/9 Actor-Critic EA# iZI=FF Post-Training, #z/O Bin@Es X FERIBEREREL

> H, mofll mgoiq BRI RIRIREIAIBRENRE, q, o RMIRIRREHEEIHZRES 19010 T
KERVEAMRIL, AmETT MIUBELT (GAE) ITERAHEE, AMTREIFS () F1=F
SIRUNMERE V. EIE, PPOFEERIATIERRISREFUNMEREL. /R RIMRELRIE B,

TR E R EE MATTHIR R FA Il S22 HELRIK LA Tn

lo|

7o (o¢lq, 0
mg(ot|q, 0<t) A, cli mp(ot|q, 0<t) 1—g1+¢|A, re=r L0<;) — 10 ( t|qr <t) )
p p\q,0< &

1
0) =E[q ~ P(Q),0 ~ O|q)] — '
Jrpo(0) = E[q ~ P(Q),0 ~ 7g,,,(0lq)] o] me 7, (0c]q, 0<r) o, (0], 0<t) Tres(0¢]q, 04¢)

t=1




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

» From PPO to GRPO:
> PPORYMMMERZNER RS RIREMEEDAVERE, Xk T EXBMAFTERAIE,
> REMREER IR FIINRE—MAT s Bekh, SEZFETIMEE LRGSR

> GRPO: FFHHRPPOFIMAIUMERRZL, MEFIARE—Ia FE M RKiFmihA IR EARZ. BiRi
=, XTENEA , GRPOMIBREET g FHRF—HIH, FEIEAULLT BiRICREEERE:

> BUBEBNANHENSE, SRMRENLLER (BEEFE—a=EaEhbERilg) XA
LS, 5, GRPOEFIGHIFIERSSFIRRMKLEEFPIENBINNRKIRE, mIEESERA
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 1EAEIiF: GRPO I{EERL-Scale
» From PPO to GRPO:

> BEFEREFMIGRPO: WTENA#q, MARRERR ), KF—EHEIH {04, 05,03, .., 06}, RIMEELS
BN EREREN T, 12,73, 0 76}« BEfR, REIBIDREERIIEFIRLIRESHRTII—. EREER
H— SRR A S MR, FSFE R EE R — LR

> BFIRERENGRPO: SRINE(UIRMHLREIIRR, NERIAESHNRBIESAE

> XULI\EUEE q FMIRAEERIH {04, 02,03, ..., 06}, L*n’w”ﬂﬁ@%! NMEBRAERERED: R =
{{rllndex(l)’ rlmdex(z) . Tlmdex(Kl)} e {TGLndex(l)’ TGLndex(Z) . Gmdex(KG)}} EPlndex(])%%]fH’\Jﬂi
FEIRTES|, K&$ i MEtiEReEl. 3—E, MBENRESEIA— R ZEINF

- ~ 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 X 3: reference model 7,.¢ «— mg
E?%E%EWG 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 ...1ndex( ) 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)
ga: ﬂ*;%%ﬂg GR PO%%‘E‘E-H— 122 Update r, through continuous training using a replay mechanism.
Output mg

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



DeepSeek-R1 Takeaways Z4 Part I

> DS-R1 Zero BES I EMASFTIER, REIIHANESREINYED. XMBEEFINAIN, MY
Pa 7 RENFTAS, MELHREEBHRIRFEFRAEREERE, TTASRICTENEIFT
RE, XUEEEESEZRER T EIGERRYZCREIFIENEES],
> NTFRDTEM GRPO HIBNFHIHRIGISEM, DeepSeek R1 BYi)I1Z-RA 7 M ERAIZZENE
intE:  HERE (SFT) — 3 (RL) — BIX SFT — IR RL, BEER TRF=ERILT
JEEEREE. WSEERMZ 17 RIEN 5 EHIARIR,
> SR KRB ISEFISHEEIRAE) . FHEFFCIREFRY, MEERU)IZF BRI R
> BISIERISREEENGEREELIA, RIuuTainitE chrYFEHEELCIRERIER, X5
B ZFEEMERT, SRENEBCHBAREE, LIRRESAVERE
> REEERERENER CCRERYRE, FHRERENSERHTIZE, Ha3T—F
FEESN, SREBCZARNER, LUE NAAEIEEFIEIR.
> MIKHEEEEENN L MR R MEE SR, BERSPREEHY A, XFRE/IA TR —
LERSHES MEES R EEREEE=NAREXREE, HIINSrnIFRenZiEin,
> 2BINLRLIIGENSE:
> 5 RLIIIZHIHIIANERE, (E1SRELgET B RIBIH NSERN) GRS
> BRUEINER RLIZRRIMER, 48780)||Z5r318);
> IREREEHANEE, HOANEESESERER.




DeepSeek-R1 Takeaways Z4 Part I

> HEERHCRIRL)IIS:
> BES—EUMERE, RRMREEZIESIEFH TR, HINES ESHIAE,
> XOHEIRRERYRE T THEENTE, FEIRMES SRR EINSIE. ERREETE,
> ZEIRiE: FRESERMRE. SIS,
> FEIBROE D RO L EBE SR ARSI T RL A S NI e R SR/ MERY T, XEVER/
REE A ANERL A IS N EEINEY;
> BEFEHAGHNI SRR (GRPO) BidiiZ S MEEMBAETAE, FtEEHEHARMEXTIREISK
E1tELZ, NMmER T ERRBUHCE ZPEE2(FRS RISRE /B RIRTEICIRE
> &K RL)IIZAUITERA (RIEFEE SE R AU F I TSR
> ZEWNHENS: FEEGEHIHES—EE
> IR IR TUIZED, MWMARIEREIAMN BEB IEFtE AR REEE, RReBLARNE. =0
UHE =
> BRAER: A EHRESHERSIENEESERWRERN, A <think> F0 </think> tR&2RE,
SIHRITRE, £ <answer> #] </answer> IREREEREZEE.
> IBE—HEEE: EIEIERIEPFER T ZMESHmE, SRR oI setER—Ffh B
NESHITEE, NMREEEEHANES XS —iE




DeepSeek-R1 {1 &ME

> (B SREIESRELF[AFR, ¥ ENENRSZNERNE: RIS RENTR,
REEEUEEMIR, MESEENTESEIFSREE;

> EEMEFItEEIERE KA API+AMCATRE"8 e LI HeRIEE " FIESh =,
181 Prompt EngineeringfIRAGERATLIN 12 IREIEE SR EEH], RIS
ZHNEHESURR, HRESUBENIES ENZESE AT,

> RATHIZRRIZLREIRARARRIEEN S | RAVERIS, R IH&IR )\*ﬂﬁﬁli’&q"f.‘ﬁ
IRPNARNE, XETRSER IR IRRIE % PS LAS R RIN,; ﬁ'ﬁ)\NﬁtHHEEE 1TIER
BIEEREELR, 5 RSN 7R REMH 'TEEI’J%V]HE;K '5’9%)?&
N, FEEETIESFHER.

> FZiFA: BEEREERAALRIFRN, NI AFAE S ERZRRET
mEAFTSIRANM, THREEEMBEIEIREENBFE LIRAL SR,

> ﬁiiﬁlﬂfl:ﬁ XA EETEL. (RARRIIRERSS R, kS B YICIRNBAZEE,

E2ZTTHHIN AZ SRR, HETESHERARE.

> n:&ﬁ']?ﬁ EBRRENFEF N, BReEEN, S TEO "RIEF" RS




AN LGITE: Kimi K1.5 Moonshot

K1.5 EFFBEXACoT FRiEIBAYScalingla&R

> FIA RLIRZER: Kimi k1.5 BUOBERAEEAES, 1HREETRE (IRR) REIERIEAYEE
1, MARYUEE T35 EE.

> I)RXA CoT B RL: & RL MATIKNACoTHIRIIE, @%mﬁa@za_ TERAN. EEZHUEE,

> [BxUilkl: BTN EF]OKE, LREIEAERL CoT HIE R TERZURIRLL. }i FUEIE, o5
EAE =R e MEREL,

> KX A i bzs?é’fl ZIER BN AN =392

&7.]? EIJ-IJl =

> KNAFFENS: BTN CoT 1REERIESHREN AN CoT E JEI’\JIJ H&IR 3k
= H \V2 =1y F+ IR
\ r
1SEFAIERE,
8 Kimi k1.5 long-CoT OpenAl ol 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.
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AN LGITE: Kimi K1.5 Moonshot

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

> RL Prompt Set Curation RL [a)RRAYHES
> Diverse Coverage: j#Z=STEM \ coding \ general reasoning BYZ54E
> Balanced Difficulty: EZEAEAIcomplexity MEE
> Accurate Evaluability: BETE#E Verifiers /EFEIET, MMBGLLZH —LEreward hacking #0 superficial
patterns 9179
» Long-CoT SFT
> FAPrompt Engineering 1& ¥ — 1 &&= LongCoT warmup dataset
> 88 7 EEMBAY verified reasoning paths for both image and text inputs
> 85 1 planning \ evaluation \ reflection \ exploration ZFi5EI
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(a) System overview (b) Partial Rollout
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AN LGITE: Kimi K1.5 Moonshot

> s3] M In-Context RL UBER A, EilI4x=Eapproximate PlanningdYid#E (#4015 Search
/1, state ] value FSE&BMI Language Tokens)
> SRS : #E1=EAk Contextual Bandit, B REINFORCE ZFmH{T{/t{t
> KEEST: SINKEESG, PhILEEERGIKAVIEETRE, 2E1HERER,
> OverthinkingBY479: RIS EIFRIFRIL, BESKtraining F1 inferenceld 2R AHIIRFE
> SKIFRM
> 253 (Curriculum Learning) : tRIEAREAGEE, SEE=ISZH0F, BEH5IA
ST, XFMEREIY ST R E T EREIR,
> flL5%EHF (Prioritized Sampling) : #RIERIEAIMEE SHR B AR EEE SRR R,
TREVENA T KRR EMERY. S EREAERIORR, RIS,

A Ifr(x,y,y*) =1 len(7) — min_len

ten_reward(i) = {min(o, A) Ifr(z,y,y*)=0" WREIeA =02 on — min_Jon
KEET IR
2
" o (y= Z|.CL')
L(Q) = ]E(:n,y*)N’D ]E(yuz)mﬁgi [(T(ma Y,y ) - TlOg Z — Tlog o, (y? Z|ZE)> ]]

SRR R EL



AN LGITE: Kimi K1.5 Moonshot

> Vision Data f3i&
> HEHRHE RS MNERNRFRR, XL oREEEFEENREEE], AeRFEEN AT NEEE
NRMEIRIESS, LUK PR EFERBBRIVEIESTESSE. XELUESERA 7 REEESCHF G SN
WHEIEEES.
> SRICIEIREE SEATERN, SFEEFWIENEGINZERE, SERERSHENWHEIEREE, HIanEeE
FEXRR. JUTRINIBRZE, XESAESEERETIERR, BTSRRI tEEse), FBALL
ToPRERRIISSAFES.
> XFERHUE SETEXPFAFTEIRPAREBNCEN, FREEBHEARERS MR —ESRIN AL IEES.,
BEEREXAXE. ABRENSEGEERIRAEIR, HREELICENIIEREX TR EEE NIRRT
XA, EFEERE—EEmL, XA TG SRR IENABERER (WEE. FE. AF) IAIEEN.
> Long2Short 5%
> EBIEE: KA CoT HBRERNEIIA CoT BMARINEHRHITEY, BR—/\FiEa,
> ERFEYESEEE; Short Rejection Sampling: MZ/NKRIFEERPIRIRERE B IEFRRIESE RSSFT
» DPO (Direct Preference Optimization) : BRI A CoT 12BN EZ=ERIFEUER)IZRShort CoT 122,
> Longashort RL: 7EKRE RLIIGS, FIKEESIRIEEHTARE, H—SiRmEstaA CoT AR,




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

> THEEREIRLAVGATREVREFT, MCTS 1 PRM 2B # R (Reward Hacking BYEE)
> MCTS 2—Fb Structure, A* 52 Structure, AFIIAN Inductive Bias 383K L MiZRBZEHI(L 551855
1TEE [ ge=RHMREIAIEE
> PRM 5% Reward Hacking, B 4&%3& Value ?EX’E)&E%
> Kimi K1.5 EZE2M In-Context RL BVBRER A, BHiF)|Z
Search/, state [ value ZSE&BMI Language Tokens)
> DS-R1 EMZRLAF, FFH GPRO + Rule-Based Reward EEIREIEE
> ZOWE: AEREPEET 4, REAEEER, BARGEREENN T, EiJiAXE—
MFANRR, (BEEER). RZ, NMREE—IHEER, EiFﬂiﬂ’f' 7 ﬂBAE?:"?JiBE’Ea. EE‘%‘“

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

> GRPO : FHRE—AE FE N FiEmBRIRMENEZ, WMICRIMILUNMEREL, XL
BN EEEN ANTEMRRE, SRR ETRE—0AYHE B LB |20 e RARZ S, ok,
GRPOEIZISRIRIEE S SEIRBINK LEE(EAIENIRIIANIRELHEEL, MIEBSEHBEARMITE, &t
THBEMTEIETE., XFEECGRPOEAINIERKEIESS, $5FHEENIBEESZAIEIR(TESET, B
IBEEBMMNRISRE, RIHESFREATERER,

> Kimi K1.5 SR FMirror Descent] LAERIEZEIREHENER, (EHRENTSZWHEIETSAVIER
ZRE, NZEINRRE. IUE. BIMFT eIk, B RE BIAMIRREIIGUE. B, B4,
RERITHAEDR,, XENFRESEAETEEISHIRINEXEE,

> fE)llZPipelineXy FHEFHEEUHEIEEE DRI EEMAT] 240,

> MEE XM EBREDFNIEMEBIRZZ RIS, RIEEVIZScaling Law, REIRFRIVEIFEAERINE,
> IEENEIEERN JEBET 289385, FEESREH, XBFFSLIRMUIRREREZINRR, ELRER
BR98EA].

> ERFERERS, YWiiRGRETFRZIMEERNEZMINGIASHEIEZEE. EEERKESIHERIFRZRZ(E
IR, Gla0, FIX—1MFIHRENT™—1NIE, EFE— T EERSEMA— T EERESENER,
BN G A M TFHRER RS =R, RNEEEFEEREENNER, A, NEBKEN
BERE, BEEREISERNE RS I SHREHNBFREIENTSE, XMEFREENFILINE
KAHEIR R R R HER AR NEIERE N BB E,



BAYNLLITIE: i BiEIEIRF - Pure RL vs STaR-based

>[olm: STaR
> TR FCUREBEEE(NA [Question, Answer] , BE5GHIF—LHEHEIRISFERY Few-Shot Examples &
Prompt 12BN FEdEEE RV Al R4 S X IM AYHEEI S FRF N & ==,
>idi8: AIRERRIEEEIER, NISHEBUREMAZIRGRISEESE T, WREMAISEEER, W=
L HIFIREZRRYRIE PR ERGEIRYE, B ENIERESEIEENRE, ME— 1 EE—
RUEEIESE [Question, Rationale, Answer | 31 TR0V,
>;ﬁ1§ BEIX—IUTE, BERRE—IFREEESE, afMNFERRVREIFIR#1T Fine-tune MoRE 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



BAYNLLITIE: i BiEIEIRF - Pure RL vs STaR-based

A

- BRI

Jii: STaR SRLAVEAZF
FRTAYIEIREIRIZ (rationale) BUITRESSUT RL B SREIGESNE (action) , EF

NGNS P REH ISR B
>STaR 1, BITITEERRAEL, RENRANSUESEIFUNERE TG, FERRIEFUN SRR

AR

> STaR £ H—Ttt*ﬁ?EJ:J_ﬁy XEBEERT, XU T RERISSER ATHIRE

[E— &R EF IR,

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.

VYN S



BATILLITIE:

SRIEIEIZ/2R - Pure RL vs STaR-based

Takeaways:

> STaR Bz R EFEE I EERELES
}iE' &JJJG?FEI s A

{EBYAYNext Token Prediction |1, @i

FSTaR AILUH— B3 X R IRYT BEIBEIE2ESZIENER, kil
rStar Math, SoS %B_JL,{ B B ISR TR AR,

> ANELE, STaAR—EMNS LEEEER

L_*I:lj =]

ISEE N IES

> (BN FERISIEERES, T
> YMELABH Rule-Based Reward for RLIJIIZ

> PureRLADKF T, MSRAISANSCEEE 2ZFocus on BiEF FARLEEEFEREIAJIEIERE
1, B rule-based reward, ZiAMII_ERL Dataf9igit, &EEE BRI AESHY

g

Sx

Igen%= > Zl|MetaCoT, BP[alRRZ 222 ks

LEIF RIS AT EEXELA B FGE(C

> Reward Model f9—L=5800PRM, £i8Zreward hacking, value 7~4E, MELUZ
L a)RR

[1] STaR: Bootstrapping Reasoning With Reasoning



BAMLLITIE: i@ vs iB{tFS

> REERIBAMEREREX, BREFEE—ERRE, MITERREFELS, SBEMER LRSS,
> REEE: F—U=2RFENZITHNATRESRE— M FRENFE, LEERENNRREESZRIIREE.
> DeepSeek FIFFZRIBRIFVFEIRG T —FRIVIMEEL, RIIFERE. XEREES@mTRIEREEBEXN, K
W REEhiEEEIl, MXESHHERTE/IVREEENAXMREXEILUILIE (ATLUANEH
FIOISGIHAARE)  BIIXLREERR/IVREIRIILLKESE, 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: i@ vs iB{tFS

> (ERARESREIERE RS N L, FHEFBRUEITH X ZERER
> BEFIRASFTRIERUIFIZEUEFREIETI, SAERES I ENRINGHETT, BEEZEEUEGE
#EFPAIPattern, 1RMEF S 2 EHES FFAVEFAMEFIMetaCoT
> BFINRETEHENSE, SMRREESANRMEREFZEIZIEESERME, KREZCIEREE
=N ERES
> SFT EERAZRICIZMEMHITOOD:ZH, EFORMBIRLZIEEIIEREF [1]
> SFTHIERRE S, (BSREEMRLAILIAISESRII S
> EEEEERENSIRIKE, HtRIEBRES TR LongCoT KA BUERERIZEIRER
> Scaling up verifiable reward:Zlong cotBY#/(>.
> VR (fFlg0wen-math-7b) A< SZrecentivize long cotAYbehavior (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
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BAMLLITIE: i@ vs iB{tFS

» Open Questions:
> Long-COT ISR RESRITIREEHEIEED?
> Ii# Long-COT ZEAiE R VAR RIEFPUZFR?
> Long-COT RHY BEREBFSIESES?

» Takeaways from RedStar [1]:

> Long-COT (ERIREUE TISRIEIREEH: IHUREUESE (W0 1.3k Nal) AJLABEIRFHERMERE, THEERR IS T,
I T Long-COT A BNMEEEIEERMIBER MKREEEARVEIERES.

> BEATIEHESCIEERRTHESE: T AIEAUESR (40 14B. 32B) URLTEWFIGAIER (NI LT
KEY ) & Long-COTIIGHFRIMEE, MTR/IFUERIEE (40 7B) ERFIERIERIREIIESZMESAIEEN.

> (IS 5IEEZBEMIEES: Long-COT JIIGANEERFEIAESAIMEE, T EHMEAES~4ERFN, ERTH
[TZRNERAM. toh, ZEEEBRFNZAMINEEYE, TEREMESTIX GRS THEXSSELIRN.

> BUEERINIUNECRATHER: FBEBENEFIEIE (DPO) MELBHUFIEIE (PPO) YREERUEEIEEIMEE,

> Long-COT S BIEZSIERY: 15 Long-COT HiZNMBTFSESKIESIEE (MLLMs) FJUARERFHEMRE, HIFIEE%E
(slow-thinking) FARFEZIEMES HFHIBUE.

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



https://arxiv.org/abs/2501.11284

BAMLLITIE: B vs i2{tF>] Discussion

> Kimi K1.5 F Long2Short 73, 58HI2EIK A CoT RBURIANRTERBEIREI A CoT 128, AR LEE—F [ZE] |
NI BIIRIEEZF, NMUEMRE, B2 token W, BTN HIMREHHIERIEAZES], AN,
> Sl tRENEIS /DA ARG BT 01-previewIZRIN :
> BREEEHELEE: sIKEIESEBOME 71000NREHFEER. BIARFRENENTTEEZRESE, XEE@E
HEE. ZHUNRENTIETFE, HEFEMINEENTSER. FUREZEIFHER.
> FHEREME: MmEEbEESubES 7R AN BT E R RS,
> MEEBIA N BETRCRII TS IREIAT, A “end-of-thinking token” 4% |F B S FEHH (R I B R & 224 RPN ER
> EEEENTERN, NSEREELLEend-of-thinking tokenBIHIN, HasFIE FAIIRE,
> DeepSeek FIFFZEIBRIFFEGRE 7 —&RI/MER, RIIEFERE., XIEXEESTTRUIREEGEX, KIS
RZemEEeIl, MXESMEEEEMEEEEFAXIIESRCEIMLILINE (FILUASZBRTTlE:
FWRARE) |, BEXERIBERIR/IVRESRIItVRESRE, EEEd Y& RLAYAZE.
> AR T SR R TR EY
> FHEBUIEEBIISEESS—AES (FIABHEFERR) K, XaTseSEEmrYIVEEERXIFES BN ER
(FIRDEBR{ESS) AHERMEFDZ (LBENARE.



BWANLLITIE: MCTS & PRM
> FE MCTS, 8%

Bt MCTS Alge=B LA TAYE)RE :

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

T XIRD S A Token ARNINT R, MENTHEZSERTEER

> Value Model E3Z52I0 THEERAME, MillZ&— 1589 Value Model EEAREME

> —EXIRIIRVELSERE rStar-Math [1], 18

> —MEIRIGIEEIPolicy Model, 5—M&EEY

MCTS =443
> BIARDEL
IREIEHR (IEMZE) |

Lo CE

AT IVREHEZEI OpenAl o 1EIF(ESTHI IR
HZr A BT RIFAISIERMIER (PPM) , —EEio#

TEIIERNERERESYE, MEEEECER, FMEREuETRMEER
JII\/ICT%EMF QEEMAT AR T MEEL R L'fj'* HEF¥D,
L RETREGEIRD (RARE

MCTS-driven deep thinkin
%\%‘ ,;;:.,'.".'s g /\ :> l :
I uestion Vi) i Q-value
i 57 d—bq ghiges ! [ ] | |
i SLM : D Ny N filtering Pas 7\ I
i | N ] [
! Apply Verlﬂers
| ! Step 1 Step 2
i (PPM/ python) i final step full solutions
! . .
i @ @ O One step (b) Construction of per-step preference pairs based on Q-values
1 ]
i Answer step I ; ? }
| (correct) | Terminal-guided —*, Terminal- -guided SEV-T2 ppM-augmented SEV-T3 PPM-augmented SLM-14
! MCTS
E Answer step i MCTS SLM-r1 MCTS PPM.irz MCTS PPM-r3 . PPM-r4
wrong) Round 1 Round 2 ;“‘"'F Round 3 Round 4 (_"t_—'} “’3’%"7
| iy ‘

(a) step-by-step verified reasoning trajectory

¥
(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

BB NBEEREN

/

17

(BRE1iIseERuR B! K
18 BTLAAE ranking loss iI|Zx{RF



BWANLLITIE: MCTS & PRM

> KEEAY Takeaways:
> HEEETRIFAMCTSIEEE, BERFMCTS N AT 1EEIAY)|2
o BERPREITRERIEETIE?
> MCTS E&—F%# Structure, A* tB. 2 Structure, AN The more structure imposed by humans, the less scalable the method is
Inductive Bias 3ERLLMIZREA ARG RIZHITE  oomance
= 0] Be=PRFIEEIRTEE
> ABIdEYMYStructure, A E%EK_JL,L%EU%
> Algorithm Distillation: }&RLEY Training History FF7l B35 More structure
EIREESEE R, F3)%Data-Efficient RL &% ///
> Stream of Search:J BERAI R B RES FHIT)
HiRTY, X MREH policy improvement methods

(Advantage-Induced Policy Alignment) #1STaR, f#RT
heuristic solvers;& & fi# R A9 0] 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

-

Compute



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

BANLITE: MCTS & PRM : PRM BYsCiEfIRE

> DS-R1 1 Kimi K1.5 &Bi&B#1TBfHAIMCT SHIPRMZE 1,
> PRM BJ—Ledkkk
> RES FHE—SESERE— 1 ERItask, BaltinEELERTHER,
(BERAAIIRENMELscaling up
> Model-Based PRM BEJBERS|A reward hacking, EFllZx=10) 253215 EINER
> PRMIAREIE S Frerank top-N responses and assist guided search, fEARIERLEL
B, RFHNAEER
> PRMBJE T :
> PRMEVFE2—FMLEEAIZRIEE(SS, XrewardiH{Tshapinge] LAEY |25 B FSEEL
ISSB B R
> PRMIAEIREZE, AJLULEERISSERIESEISRE (ScalingfZeRIRIZEX)
> MBS, 12HRule-Based Z9MEBIRIReward Signal, 55856
RO, T4t L eRIIOUE

Al




BATILLITIE:

Over-Thinking

> 5‘%
> 1 ZRY4

HIEREIE A OverthinkingdJ917 9
BSiAl, 1a0 Wait

> —.U:lf:;‘:;ﬂ:U QZ-’%‘- %Z:/ \iZ] A{E F— u:=|$r%—
HARINEFHE (SHE

bl &=

Umial; iC

%ﬁ@bﬁﬁk)
> JIT—LEREBRYENFIRAG A0 2+3 =?
[EESVES L

> BIUEREE

inferenceld

eI\, EEEPatternZZ, OJ
SXEIFAIZRIN,

NP
=]y

(BESTFKtraining

EH IR RHIIRAE

> SRR HL Test-Time Compute, 11T

e EE?

» Long2Short Distillation
> KELRIPenalty
> (AR RRS

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 ider 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

BAMEGTIE: MXPESEISIRS

> DeepSeek R1 Zero #1 R1 EAN AES BN ERIT2178, XEAZILARF: SRS
mE0%F | Deepseek R1 REHIREIEENES 2 EHRIZRIN?
> IRSEFEIIRSIKISEEH—SIRAEIEEsEN. \AXEREEETEEEINEREER
£iESH, ARNREREREBEE T, BEE(IEEEtEFEINRIAS IS,
> IESY BIE AL ADeepseek RIAU F—1NEEASH, Bt, EENARKRIZSHIgiER -2
F-HEERIAIRANIB R, =2 1152 M EBEEO5R.
> fBlan, BTBEIESXTHRAN, REREECTRARIIRERS I SRIER SN EWARERINIE X KEX,
EETIZWFRIE DI XERBE oS BRETIREIR, I, XFET= REEIRRE DSBS
PR EE R RN AR R R, B ES T HIANRIRLAN EREIMEN R E A, C
IR SRS HEE XS TF,
> sRIEIRRE NSRS E T BRHIMEZ . XPESIE=ET, (F2E349EE(IF5a1L
BEHETFRUAZMEHEEES, (FAAXEERRTFIER. MBMNIAEST ERIZ
ESEESESZE T, FEnsiEs 20
> MEERSHEEN, ER_RFEHNERMESEEFFEIEA LR ENZS TRF S BE R HT?
> JEEST BRI2iRESSTE, BSRXEENEZ, RLODEZEEIBLEHGH?
> ARES T, ESEESIESHENERUAR—EXRESZEF?




BAMEGTIE: MXPESEISIRS

> i BSAESRIEIE RN BEIR
> ETSIRSIRE MEEREY REREEZR,
> F—EFIFALLaVARIREES, EEKAYRHEIEERRE EHITEIMNIRIRT &,
> FREbRIRREProjectord N EEIRELSEN, XIRs2EProjectoni# 1 THU)I1%R, 15K
=/[=ProjectorBeiB 5L Id M IR iDss I R ERETEIE S FRIETiE.
> EIRYREIR 2 EProjectorFIKIESIRE, BIRIESIRESIESHIEREN

Language Response X, Q Q Q

Language Model f¢

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 SEHE R AR I
> RS R + IRSFEH—TH

=L 3

> sRiEIREEDIKEE Agentic &
> AR IR R I BT 2RIk
> HEZUACGIIE
> BHHISF
> X7 ERIRIN SR




FREBALEREE: KB4 nTRELE

> FRIEEES: ESRIIR MR G RIER N RERFEITRES L
> BEERAGIRHEIVEREII IS, BIHIERIR RN REIEZA K
> EEESRNEE LY T AR B E R A, BT AR A

HEX9mAZLHY,
> fREIE LRI 7 Reward HackingFlIn-Context SchemingB98E/]
» OpenAl : OpenAl ol BIIR R mAETEHIESS.

> ol-preview RENEIL I IHEEHLEHALERY Docker SFHRFHAZE AP,

B TIRIIRSSE, ST ES B (flagxt) , ATHEST 7 R4S

ANZ EHk.

-

=]

> IRERREIRECERVEMIRIE, BT TIRARITIVES SR, S ESER.

?:F5F|JH§ BE

> Anthropic : IESEAEEIRMIGTS, AJLUBIAIESRIAIGREERM, EE8E

i RSN IENECHEERM, SRETREEA.

4.2.1 Observation of Reward Hacking on Cybersecurity Task

eeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeee

Harvard or Stanford. 5 would be good enough to get
Compared to GPT-40, ol-preview and ol-mini demonstrated a greater ability to break down (@)  publshed mmedael

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

<<<<<<

llllllllllllllllllllllllllll

© Reward tampering

<bash>

eeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeee

_environment/block_reward_hack_attempts.py



KREARABAEE: KBERTEEE Takeaways

> ETIKEUEEHIHEE AT LIE—EEE LR SRR rI Rt
> IREBREERRE, IEASAILIERREMITNGANESEEH, NmEREERTARIIIE,

RO REREHEE,
> [ERY, CoT (finEa ERZ RSN ERGIESE
HUIEHRICALEE,

, FFEEIT Al XSHIiETRIEESTA

> 7AM, CoT HABESERFRAIARMERE, EOREYFAIEERIA CoT 1 THRHETE, BlIn-

Context Scheming,

> CoT ERHIHEHELREEAEHAY—HERD, HARRILIERR FREIESIRERITRIgE. &

RUTTRESS ST AKEPBA0RAESE, (EShREST

Z RS EREAY CoT A[E,

> MEEIEEKAIER=IR (Instrumental Reasoning) A,

ErgeaEEUSIEEXLIr LIRS

£[9 CoT, LISiEEIERRE. 15, CoT (NEXNELA—HBD, FAMEREREAISEIRN

SRHEHERISTE, EIABERE R LERR,
> ATEALE CoT ZRfhZET R, FEELESAI-Driven IEEHH.

STEEIEIR (Contrastive Prompting) [0

Fez(BGuE (Formal Verification) S5750%, a0, ATLUMREIEAR &R MHRUTHEHREES, @l
HEE—EE, BB (EREmMTENLN, SRR ESEIIERIFZHE 7 HUERRES.




AEREABERE: =55 & + IRSFEH—SRREHENR

> RLHFSDPOGZAE ZIRESTRAY, B SUEISRES ERN AT SRS,

> BR, SESHFTHIERET:
> IRSELERIN, B8 _TtlRir RS eesmiE ASSEERI S iRIF R RGBT
> SZESY REIZIESER, RSZEEMES, RLHFLANDPOZRSIAERL?
> AERST, RSSESIRSHANER N TR—ERIFERT?

H& = BMAESIESIZSER, 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 : MIESRIEAR3>] Learning from Language Feedback (LLF)

FIR(E!

y

(L

RS ST B A R A R RIFRIFT

> FTXIRLHF/DPOXIFT A = ERYEERE. NS, brIER, RHMESRIGRFS

(Learning from Language Feedback)

, ERMESENESESIT 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 N

..5!'{’{1' II: | Final Response Response® Initial Feedback

Self Improving Model DPO Model
y = Ma(x) y" = Mg(x|c) €= My(x,y)

Question: What
medium is the man
using to speak?

& NESKIR

0:00/ 0:08

- Wrong answer - Correct answer

: l .
I I :
I I
I I I
\\ ¢ e SRS = e | 1 o Bef Ali . :
— = = l ¥ t, ’ |'1 X ! ! spinning around? efore Alignment After Alignment
e 7 BI I ]:/_\E E:% : : P 9 :
:zéll [E,=$ I“?%Q\EEEJZ'%EE i Before Alignment After Alignment ! Before Alignment — i
I I
7J E& ;z ! ' _ 1 :
%4:1 jj H,\J XE]-J | %Im : A car horn. Ihe 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 i ‘ :
: : seen standing in... left, then ) - |
, i - L :
: ! .
I I I
I I I
| ! :

- Indirect response - Direct response

LD

_________________________________________________________________

Question: What
happens before the
woman starts

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

- Wrong detection - Correct detection - Correct shape

- Wrong motion - Correct motion - Clean layout

__________________________________________________________________



IRSH—IE

A (prompts)

A LAER AR

. MBS RIEHREFS Learning from Language Feedback (LLF)

> BPIESRIm (LLF) SRS : SpEBNERERBEEHATE. FAESRIGMIEE
SRR, MIEREZ BEZFIMNMERUREXY.

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.




RSFEMAEE N HARE

> BEMEM: SESKRLEESEANBIRSHFESRMSHRERIEEN, Bl ESHRARS
L TFXEIEEN, CHZMES (BT, XA, S ) NEIXCEESIHERIH.
> Eialtee %?I:E%B’E IHEEIRUSEETERIME, TR IRSHERYE, BRSFERE
FBERA. BEORERSHFANR, 287 B'CZIS’I‘E.JFE’JE’EEL BLKIEHRRE.

sRiEIERE) + SRS = HIEESEHFE. MREHEAR

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: AR S TEH{EMNEESIFHE s ...E-?-:-.;.:r

3% 2
[®] 2

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

BRI T DREATIF IR, NSRRI TR T S — B AR
R J:FI)?IL_IDIL ZWEM\ TODO Do

EIJ4OOK§1$§&- Modalities : Image : | Text : [ Video Audio ]
eorith T | ™,
' Algorithms W Evaluations
"—f—li J:FI)?EF_.MEE1:;IU\\ lgﬂ%. trainer.traing) avaluater,avall)
SFT. RLHF, DPOZifxiss Bl
%{ﬁ%}fﬁ’ﬂﬂ | |§]_-\1Jﬁﬁ5 SFT DPa PO RA APl Opes Madel Multi Chaniee :
\ ORPO KT SimPO - A Model-haszed Rule-based ,
"'H.\.__ o Yo Lt
RE: FHRE<IRIEHERRY s Datascts N fodel ™
ChaEEIgg:?{ Ekgggj%;v's'on template, format sample() any madel. from pretrainad(}) '
e 1 \:l: Ay 4
%IE 1 Aa:l:1ﬁ R =< Registryy |
EIT‘ i mud fi-tairm VISioR-input preference score model text madel moe model
PP FRREERIEE, \_fom ) mpemed) | ) \onmedy) (A L - )
BB I 3OME A REIE Backend | torch distributed ][d mﬁ[ fo T ][u LL|"“*1]'r 2
H{Jk*ﬁggiglz;mMﬁﬁg dcKen ht'l.'-r distnbute eepspe ) transtormers = s vilm +f 3 NS SRR _:

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



AERALFRREE: i2HHEHEE Agentic &R

> HEBIRES LA T e s
> KRB SR FIRHEE

I BEJIHYBRAK

» OpenAl Deep Research Agent
» Anthropic PC Controller

> ERMITRERRERE. KIEEME. Tool Use TRIEAEEET]

> RFEFICIZRRAI bR e fR, /I MEEIGN(A]

Calendar ()

Calculator ()

CodeInterpreter ()

eI I BEAgentiI R S RE

Search ()

...Mmore

[1] https://ilianweng.github.io/posts/2023-06-23-agent/
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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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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:
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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 aStICI ty lncrease Wlth Pre tra Ini 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 o
Truthful Llama2-13B 0.1704 vs. 0.1830 0.1544 vs. 0.1640 0.1825 vs. 0.2429 > Eﬂg*'tﬁpﬁﬁﬂ*lj \tg* 2 BJE E*E;__:Fé é’; ;&;m*;agi%ﬁj]u 1:” E
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3, AT PN \ T4 =
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Language Models Resist Alignment, https://arxiv.org/abs/2406.06144
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Deliberative Alignment: Reasoning Enables Safer Language Models



Deliberative Alignment

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

prompt, output and thinking process about safety guidelines.

» Get (prompt, CoT, output) pairs
» Step 4: Supervised fine-tuning.

Deliberative Alignment: Reasoning Enables Safer Language Models

Q SFT Data Generation
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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

aaaaaa

PROMPT

—

N coT

pt OUTPUT

G_SFT

SPEC —}

v

L

RL STACK

—

1¢

G_

RM



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
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RLAIF (e.g. Constitutional Al) i . X
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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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alEDtT: DeepSeek-V3
> DeepSeek-V3 EEERISH

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

> 61/= Transformer, Hidden Dimension: 7168

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

To FP8
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(a) Fine-grained quantization (b) Increasing accumulation precision
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ESIT: DeepSeek-V3
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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 + ——

HEMEEES
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
SEHNRESR




a2 th: System | & System Il
> (A System 1 AIREE(BRIgEA T2 EIBAIFIER ( “fast-but-maybe-wrong” judgment calls) , BILA#EH]
System 2 IZHIASIRIERE, HESJHHITESRIEE,
> System 2 fYlAEE: FEIBXREHS: System 2 BILEHAES (NEESMHPHRSER) KR, (EXH
PERNTEERENRS, Z2SE@ESIRIE (combinatorial explosion) .
> BiOHkEk: SESHIDXETFI KRS, System 2 BUERIFESIFFEE, TEE SIS Z K RERT(E,
> System 1 B{EF: Rk, ERIAIFIER (approximate judgment calls) :
> System 1 G EHIEHERRW AR MSRIENL ((DUFBEERZCAHR) |, #5B) System 2 FMEHHERE.
> X{H1§ System 1 gElRIERMA— 1 aIgeFFIERE, BEXRZSHIENR FTEBENISER, 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 - Frangois Chollet



wit: [EBE5Abstraction Reasoning ((HiEHEE +
> LLM {373 R I t2HEIRMESS -
> REALSRERNHE, BEPRSRT LT AKSE
HREERNES (i, WA | SHESIRES:
> ARELETF LM EEEXBARES, 63BN,

> —SENUSZFMES, TNEEEN EBIERRRERRINE,
I ZERPERZES (Hypothesis: Depends purely on

Mt
5

Task Similarity instead of Task Complexity) ; AIB|C|D|E|F
> AZAYAbstraction Reasoning: g H S 4L Analogy: "Draw a map”
A w711 1 L= -] o ab .
HITHRIERIE, E4aR0EERE: e
. s & . g il (\ v '/',\f\,\\ Wi __;1; Embed discrete objects
> Typel Abstraction: EFXKEERIZEIEZENE, BEEHEXY \E: )\;/—7{\ == [
FEMIRRE, MLAGHANERIGFIRE,; : »j_y/'f;\=_é)j__\/ ////-l\\‘\_“‘.’/“ on a manifold
‘ NN\ T
. - —— N : R , (a data structure where you can compare
> TypeZ AbStI’aCtIOI’\I System II ggﬁbxja:¢§IEﬁg¢Efigg%|ﬂ@, _ ( >X\/ .// any object with a distance fun('ti()n)l
\ L ] e . e / *\‘Z_—//W_.v - )
LT O S T SO LSy N g ocmablefast, approximate
(X = \ b =\ , inferences about directions,
X i 7\ =4 = =X dist pathfind:
> Fast-but-maybe- Judgements; | 7)1 S istances, pathfinding

It's Not About Scale, It's About Abstraction - Frangois Chollet
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SEHEE & DS-R1

> [E|f# DeepSeek R1: https://newsletter.languagemodels.co/p/the-illustrated-deepseek-rl
> DeepSeek-R1 5 /RHzRES 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 & £15S

» 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 RiE & FUAGIE & 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


https://newsletter.languagemodels.co/p/the-illustrated-deepseek-r1
https://github.com/deepseek-ai/DeepSeek-R1
https://arxiv.org/pdf/2412.19437v1
https://github.com/huggingface/open-r1
https://github.com/PKU-Alignment/align-anything
https://huggingface.co/PKU-Alignment/Align-DS-V
https://arxiv.org/abs/2412.15838
https://arxiv.org/abs/2406.06144
https://arxiv.org/pdf/2501.19393
https://arxiv.org/abs/2501.11284
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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 LLMs: https://arxiv.org/abs/2501.12599

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

https://arxiv.org/abs/2501.04519

Parables on the Power of 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


https://arxiv.org/pdf/2412.21187
https://zhuanlan.zhihu.com/p/21290410831
https://arxiv.org/pdf/2402.03300
https://arxiv.org/abs/2312.08935
https://arxiv.org/abs/2501.12599
https://arxiv.org/abs/2404.03683
https://arxiv.org/abs/2501.04519
https://www.youtube.com/watch?v=eaAonE58sLU
https://www.youtube.com/watch?v=kYWUEV_e2ss
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/

> HUEFHZEAGIERR: https://www.lookeng.cn/2024/10/15/1ean/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



https://blog.ml.cmu.edu/2025/01/08/optimizing-llm-test-time-compute-involves-solving-a-meta-rl-problem/
https://www.lookeng.cn/2024/10/15/lean/iclr2024-formal-proof-lean/
https://arxiv.org/pdf/2501.17161
https://arxiv.org/pdf/2502.03373
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