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Expert-Level Balance Loss. In order to mitigate the risk of routing collapse, we also employ
an expert-level balance loss. The computation of the balance loss is as follows:

N
Leyppal = 1 Z fiPi, (12)
i1
fi= N ZT: 1(Token t selects Expert i), (13)
K'T =
1 T
P = T ; Si,ts (14)

where @y is a hyper-parameter called expert-level balance factor, N’ is equal to (mN - K;) and K’
is equal to (mK — K;) for brevity. 1(-) denotes the indicator function.

Device-Level Balance Loss. In addition to the expert-level balance loss, we introduce a device-
level balance loss. When aiming to alleviate computation bottlenecks, it becomes unnecessary
to enforce strict balance constraints at the expert level, because excessive constraints on load
balance will compromise model performance. Instead, our primary objective is to ensure
balanced computation across the devices. If we partition all routed experts into D groups
{&1,&,...,Ep}, and deploy each group on a single device, the device-level balance loss is
computed as follows:
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O Shared + Fine-Grained in more scenes (Resnet / Skipping)
O Continuous Learning. ( Fine-Grained and Balance) (AM-LoRA++)

O Dynamic Optimization of Splitting Factors in Combination with RL
O MoE++

O Modal Expert Extension

o Designing specialized experts for modalities such as image and speech, and
constructing a unified multimodal MoE architecture.




Metric # Shot | Dense Hash Layer Switch | GShard | DeepSeekMoE
# Total Params N/A 0.2B 2.0B 2.0B 2.0B 2.0B
# Activated Params N/A | 0.2B 0.2B 0.2B 0.3B 0.3B
FLOPs per 2K Tokens N/A | 29T 29T 29T 43T 43T
# Training Tokens N/A | 100B 100B 100B 100B 100B
Pile (Loss) N/A ‘ 2.060 1.932 1.881 1.867 1.808
HellaSwag (Acc.) 0-shot | 38.8 46.2 49.1 50.5 54.8
PIQA (Acc.) 0-shot | 66.8 68.4 70.5 70.6 72.3
ARC-easy (Acc.) 0-shot | 41.0 45.3 45.9 43.9 49.4
ARC-challenge (Acc.) 0-shot | 26.0 28.2 30.2 31.6 34.3
RACE-middle (Acc.) 5-shot | 38.8 38.8 43.6 421 44.0
RACE-high (Acc.) 5-shot | 29.0 30.0 30.9 30.4 31.7
HumanEval (Pass@1) 0-shot | 0.0 1.2 2.4 37 49
MBPP (Pass@1) 3-shot | 0.2 0.6 0.4 0.2 2.2
TriviaQA (EM) 5-shot | 4.9 6.5 8.9 10.2 16.6
NaturalQuestions (EM) 5-shot 14 14 2.5 3.2 5.7

Metric # Shot | GShardx1.5 Densex16 DeepSeekMoE
Relative Expert Size N/A 1.5 1 0.25
# Experts N/A 0+16 16 +0 1+63
# Activated Experts N/A 0+2 16 +0 1+7
# Total Expert Params N/A 2.83B 1.89B 1.89B
# Activated Expert Params  N/A 0.35B 1.89B 0.24B
FLOPs per 2K Tokens N/A 5.8T 24.6T 43T
# Training Tokens N/A 100B 100B 100B
Pile (Loss) N/A 1.808 1.806 1.808
HellaSwag (Acc.) 0-shot 54.4 55.1 54.8
PIQA (Acc.) 0-shot 71.1 71.9 72.3
ARC-easy (Acc.) 0-shot 47.3 51.9 49.4
ARC-challenge (Acc.) 0-shot 34.1 33.8 34.3
RACE-middle (Acc.) 5-shot 46.4 46.3 44.0
RACE-high (Acc.) 5-shot 32.4 33.0 31.7
HumanEval (Pass@1) 0-shot 3.0 43 49
MBPP (Pass@1) 3-shot 2.6 22 2.2
TriviaQA (EM) 5-shot 15.7 16.5 16.6
NaturalQuestions (EM) 5-shot 47 6.3 5.7

Table 1 | Evaluation results for validation experiments. Bold font indicates the best. Compared
with other MoE architectures, DeepSeekMoE exhibits a substantial performance advantage.
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Table 2 | Comparisons among DeepSeekMOoE, larger GShard models, and larger dense models.
In the line of “# Experts”, a + b denotes a shared experts and b routed experts. In the line
of “# Activated Experts”, a + b denotes a activated shared experts and b activated routed
experts. DeepSeekMOoE achieves comparable performance with a GShard model containing 1.5
times expert parameters and computation. In addition, DeepSeekMoE nearly approaches the
performance of a dense model with 16 times FEN parameters, which sets the upper bound for
MoE models in terms of the model capacity.
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1.2
I 0 shared expert + 2 out of 16 routed experts (GShard)
3 1 shared expert + 1 out of 15 routed experts (+ shared expert isolation)

1.1 [ 1 shared expert + 3 out of 31 routed experts (+ fine-grained expert segmentation)
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Figure 3 | Ablation studies for DeepSeekMoE. The performance is normalized by the best perfor-
mance for clarity in presentation. All compared models have the same number of parameters

and activated parameters. We can find that fine-grained expert segmentation and shared expert
isolation both contribute to stronger overall performance.
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. LLaMA2  DeepSeek  DeepSeekMoE
Metric #Shot | "SpT7B  Chat7B Chat 16B
# Total Params N/A 6.7B 6.9B 16.4B
# Activated Params N/A 6.7B 6.9B 2.8B
FLOPs per 4K Tokens N/A 187.9T 183.5T 744T
HellaSwag (Acc.) 0-shot 67.9 71.0 72.2
PIQA (Acc.) 0-shot 76.9 78.4 79.7
ARC-easy (Acc.) 0-shot 69.7 70.2 69.9
ARC-challenge (Acc.) 0-shot 50.8 50.2 50.0
BBH (EM) 3-shot 39.3 43.1 422
RACE-middle (Acc.) 5-shot 63.9 66.1 64.8
RACE-high (Acc.) 5-shot 49.6 50.8 50.6
DROP (EM) 1-shot 40.0 417 33.8
GSME8K (EM) 0-shot 63.4 62.6 62.2
MATH (EM) 4-shot 135 14.7 15.2
HumanEval (Pass@1) 0-shot 35.4 45.1 45.7
MBPP (Pass@1) 3-shot 27.8 39.0 46.2
TriviaQA (EM) 5-shot 60.1 59.5 63.3
NaturalQuestions (EM) 0-shot 35.2 32.7 35.1
MMLU (Acc.) 0-shot 50.0 49.7 47.2
WinoGrande (Acc.) 0-shot 65.1 68.4 69.0
CLUEWSC (EM) 5-shot 48.4 66.2 68.2
CEval (Acc.) 0-shot 35.1 44.7 40.0
CMMLU (Acc.) 0-shot 36.9 51.2 49.3

. DeepSeek GShard DeepSeekMoE | DeepSeekMoE 142B
Metric # Shot 67B (Dense) 137B 145B (Half Activated)
# Total Params N/A 67.4B 136.5B 144.6B 142.3B
# Activated Params N/A 67.4B 21.6B 22.2B 12.2B
Relative Expert Size N/A N/A 1 0.125 0.125
# Experts N/A N/A 0+16 4+128 2+128
# Activated Experts N/A N/A 0+2 4+12 2+6
FLOPs per 4K Tokens N/A 2057.5T 572.7T 585.6T 374.6T
# Training Tokens N/A 245B 2458 245B 245B
Pile (Loss.) N/A | 1905 1.961 1.876 \ 1.888
HellaSwag (Acc.) O-shot| 7458 72.0 75.8 74.9
PIQA (Acc.) O-shot| 798 776 80.7 80.2
ARC-easy (Acc.) 0-shot 69.0 64.0 69.7 67.9
ARC-challenge (Acc.)  0-shot 50.4 45.8 48.8 49.0
RACE-middle (Acc.)  5-shot 63.2 59.2 62.1 59.5
RACE-high (Acc.) 5-shot 46.9 435 455 426
DROP (EM) 1-shot| 275 216 27.8 28.9
GSMS8K (EM) 8-shot 11.8 6.4 12.2 13.8
MATH (EM) 4-shot 2.1 16 3.1 2.8
HumanEval (Pass@1) 0-shot 23.8 17.7 195 232
MBPP (Pass@1) 3-shot|  33.6 276 33.2 32.0
TriviaQA (EM) 5shot| 572 525 61.1 59.8
NaturalQuestions (EM) 5-shot 226 19.0 25.0 23.5
MMLU (Acc.) 5-shot|  45.1 26.3 394 \ 37.5
WinoGrande (Acc.) O-shot| 707 67.6 71.9 \ 70.8
CLUEWSC (EM) 5-shot 69.1 65.7 71.9 72.6
CEval (Acc.) 5-shot 40.3 26.2 37.1 32.8
CMMLU (Acc.) 5-shot 40.6 254 35.9 31.9
CHID (Acc.) 0-shot 88.5 86.9 90.3 88.3




From PPO to GRPO

DeepSeekMath: Pushing the Limits of Mathematical
Reasoning in Open Language Models

Zhihong Shao'#**', Peiyi Wang'~*T, Qihao Zhu'~*', Runxin Xu!, Junxiao Song’
Xiao Bi!, Haowei Zhang', Mingchuan Zhang', YX. Li!, Y. Wu!, Daya Guo'*

!DeepSeek-Al, “Tsinghua University, >Peking University

1. PPO is an Actor-Critic algorithm, but training the Critic/value model is costly
2. The value function estimation is difficult under sparse rewards
3. KL divergence calculation is complex
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Training Tokens w /o Tool Use w/ Tool Use

Training Setting
General Code Math GSM8K MATH CMATH GSM8K+Python MATH+Python
No Continual Training - - - 29% 3.0% 123% 2.7% 2.3%
Two-Stage Training
Stage 1: General Training 400B - - 29% 32% 14.8% 3.3% 2.3%
Stage 2: Math Training - - 150B 19.1% 14.4% 37.2% 14.3% 6.7%

Stage 1: Code Training - 400B - 59%  3.6% 19.9% 12.4% 10.0%
Stage 2: Math Training - - 150B 21.9% 15.3% 39.7% 17.4% 9.4%

One-Stage Training
Math Training - - 150B 20.5% 13.1% 37.6% 11.4% 6.5%

Code & Math Mixed Training — 400B 150B 17.6% 12.1% 36.3% I 19.7% 13.5% I

Table 6 | Investigation of how code affects mathematical reasoning under different training
settings. We experiment with DeepSeek-LLM 1.3B, and evaluate its mathematical reasoning
performance without and with tool use via few-shot chain-of-thought prompting and few-shot
program-of-thought prompting, respectively.
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From MHA, GQA to MLA
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- Multi-Head Latent Attention
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Multi-Head Latent Attention (MLA)
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Figure 3 | Illustration of our Multi-Token Prediction (MTP) implementation. We keep the
complete causal chain for the prediction of each token at each depth.
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Dumps Used 1 2 6 12 16 22 41 91
Deduplication Rate (%) | 222 46.7 557 699 757 763 8l6 89.8
HiEL: ZTHEREE Table 1 | Deduplication ratios for various Common Crawl dumps.
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J3—1LAE Pre-Norm + RMSNorm Pre-Norm + RMSNorm
FENAYEERA R GELU SwiGLU
L EHmS RoPE RoPE
FIRFAERR RZFIRFELR ZSHFRI)RFERE
EEHLE MHA (Multi-Head Attention) GQA (Grouped-Query Attention)
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Mopt = Mbase . Ca, Mbase = 01715, a= 05243 nopt — 0‘3118 .C —0.1250
DOpt = Dpase * Cb, Dpase = 58316, b =0.4757 BOp’E — 0.2920 - C0.3271

bEEHFERE RIS, REY RIEHaFANEXR, MEIEY RIEE b FHAE
I, XREBBEETEIMEREN NXFESMOEIREETRLE MAEE

RwY R
Avpproach Coeff. a where Coeff. b where
PP Nopt(Mopt) cc C9 Dopt o< c?
OpenAl (OpenWebText2) 0.73 0.27
Chinchilla (MassiveText) 0.49 0.51
Ours (Early Data) 0.450 0.550
Ours (Current Data) 0.524 0.476
Ours (OpenWebText2) 0.578 0.422
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We collect aroundll 5 millionlinstruction data instances in English and Chinese, covering a wide
range of helpfulness and harmlessness topics. Our helpful data contains 1.2 million instances,

with a distribution of 31.2% for general language tasks, 46.6% for mathematical problems, and
22.2% for coding exercisesl The safety data consists of 300K instancesl covering various sensitive
topics.
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WEEES, WEAEBMEET . KM T ERMEHIATE., EXMAES, B
e {EA BT A A R EIEAEITRA, ™R Z M EE R ST 3G HE IR0

Model HumanEval GSMS8K Repetition IFEval
DeepSeek LLM 7B Chat Stagel 48.2 63.9 0.020 38.0
DeepSeek LLM 7B Chat Stage2 48.2 63.0 0.014 41.2

Table 12 | Two-stage fine-tuning results. The repetition ratio is computed when the temperature
is 0. The lower repetition ratio is better. The IFEval result is the prompt-level loose accuracy.

REER GBS E i IR MRRGIER, MMAB
MMAEREMLRWN . Z—HE, A
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S L A - M Ak =2 By

a5, FAERERCEE, KRBBERAS ETEDB0GENGE TIER. RO — BRI RE S X R RE E A E A

Model MT Bench

Model MMLU C-Eval CMMLU TriviaQA ChineseQA DeepSeek LLM 7B Chat 715

DeepSeek LLM 7B Chat 49.4 47.0 49.7 57.9 75.0 peepoeei LLM 7D Chat + System Prompt 711
eepoee a .

DeepSeek LLM 7B Chat + MC 60.9 71.3 73.8 57.9 74.4 DeepSeek LLM 67B Chat + System Prompt 858

Table 13 | The impact of adding multi-choice question data. Table 14 | The impact of adding a system prompt.




AELFE®
T38 8

PEKING UNIVERSITY

DeepSeek-V2: A Strong, Economical, and Efficient Mixture-of-Experts Language
Model 20240619




[OOOO OOOO] [:] Routed Expert

Output Hidden h; Shared Expert

|

|

Y |

Transformer Block %L |
|

|

|
1
1
L] |
|
I
| D ] 1
i & i ’ N i
I -
| r Gl - e x]
: Feed-Forward Network |< . I
1 \ 41 S~ ~ o ///——// :
1 | 1 |
i Voo |
| RMS Norm | ' k] Top-K; :
| (. S : . :
| | i OOQQ)] Input Hidden u, i
] - e . T T T . T T T T T __________ 1
: D : Multi-Head Latent Attention (MLA)
I I
1 I ! - Cached During Inference
: Attention S . A ¢
| s Output Hidden u, [OOOO OOOO]
1 ] » ~ t
~
: : [ Multi-Head Attention ]
' [ RMS Norm } ' i
I I
: : (a5 afil} W (STeTe)
I I

k?@ {k:} f@

apply  apply
RoPE  RoPE

OO -~ Q0] Latent c? Latent cf

Input Hidden h, (OQQO ~ - OOQQ)

1
1
1
|
|
|
|
1
1
1
1
|
|
concatenate concatenate 1
|
1
1
1
|
|
|
|
1
1
1
1
|




ANELFES

PEKING UNIVERSITY

DeepSeek-V3 Technical Report




DeepSeekMoE

[©O00 -~ 0000) [ RoutedExpert
Output Hidden h; [:] Shared Expert

Transformer Block xL

[ |

I
I
I
I
I
1 ) I
Fany I
I el I _ |
: : - - I Target Tokens  t, i fi i ty t, ts ) iy te te 3
I
! Feed-Forward Network <~ I | | | J | | | | J | | |
: ‘ ": ~o [ [ Cross-Entropy Loss ]—- Litain [ Cross-Entropy Loss }—‘ Lirp [ Cross-Entropy Loss ]—- Lirre
~ o I
I 1 1 T s el il T it e et ittt
1 I 1 1 | :_Main Model : ! MTP Module 1 ! : MTP Module 2 :
1 | 1 | I (Next Token Prediction) 1 | (Next? Token Prediction) : I (Next? Token Prediction) 1
! RMSNorm ! ! ! ' | shareq ! ' Shared | !
1 1 1 I | Output Head ] 1 ! [ Output Head J ! : ( Output Head ) X
| 1 1 1 1 ! 1 1
! I | (OOOO - - OOOQ) Input Hidden u, | ! [—'— | Col !
| ! L e e e e e = ! 1 A | : Transformer Block : 1 Transformer Block I
I & : Multi-Head Latent Attention (MLA) | \ | ! 1 I ! ; :
1 1 i il I 1 N ! X . 1 :
! r_o_-! Cached During Inference : i ! [ vinearProjection | 1 ' [ Linear Projection | !
: Attention - Output Hidd [ O O O O] : Transformer Block X L ‘ : | concatenation : : concatenation 1
~ utpu laaen We((YC YO ) o o .
: N OO0 7 000 ! T : i (RMsNorm | [ RMSNorm | | (RMSNorm ] (RMsNorm | !
~ 1 ¥ ¥ ] L] L]
~ 1 I [ T I 1
: : L Multi-Head Attention ] ' [ Embedding Layer | | : [ Embedding Layer ] : ! [ Embedding Layer ] :
' I ! A ¢ |
1 RMSNorm } s B (Y S ] """" [ I S
: L : {[qgﬁ qﬁi]} Input Tokens ity t; ty ty t, [ ty te ty ty ts te
I I . - . - - - -
e e e I concatenate Figure 3 | Illustration of our Multi-Token Prediction (MTP) implementation. We keep the
complete causal chain for the prediction of each token at each depth.

c
{a::} 00)

apply
RoPE  RoPE

OO ~ OO)Latent c? Latent ¢V [©® - O

Input Hidden h, (OOOO -~ OOOQ)

P m e e m e m =t




Computation MLP(W) A MLP(F)A
Communication DISPATCH(F) A COMBINE(F) A
Time -2

A Forward chunk A Backward chunk

Figure 4 | Overlapping strategy for a pair of individual forward and backward chunks (the
boundaries of the transformer blocks are not aligned). Orange denotes forward, green denotes
"backward for input", blue denotes "backward for weights", purple denotes PP communication,
and red denotes barriers. Both all-to-all and PP communication can be fully hidden.
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YaRN (Yet another RoPE extension) R#FELTX

i ocess of DeepSeekCoder-V2 (DeepSeek-Al, 2024a), we observe that the

Fill-in-Middle (FIM)jstrategy does not compromise the next-token prediction capability while
enabling the model to accurately predict middle text based on contextual cues. In alignment with

DeepSeekCoder-V2, we also incorporate the FIM strategy in the pre-training of DeepSeek-V3. To
be specific, we employ the Prefix-Suffix-Middle (PSM) framework to structure data as follows:

<|fim_begin|>fyre<|fim_hole|>fs<|fim_end|> fniqqle<|eos_token|>.
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REHMRS, BHEEIERS. KURASUKFEM. ()N EmEFHREREENSERESE
MR EIRAEM S . RSB RUT:

1. ERREME:
SRRB, WX EAMEFSENE, ETRERMA (SFT) 55%4%> (RL) E*%ﬂllﬁiﬂﬁl’él@?
RIER, FAREERMNEUREMES,

2. WMAERSFTREAE Y :
o [RIANARIAET: LA <988, EamEs BNEREAR.
o REURTER: A <RHBR, 98, RAE> MIUERER, HPRFRRAEES5|ISENHTRE
S5I8FAES.
3. RLBER AL :
TERLMERRA**FiREH (high—temperature sampling) **4 RIS R1AE BEUES R IABIEEL G
Nz, S3HELHINGE, PERUERFSESRIEN ARIEHIRAERE.,
4. fELE AR :
BT ERERHITIERRE, MAESRESFTEUE, MHRFEPUEEREBDeepSeek-RIFIMES, MEM
&5 B AR,
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EERAHERRIE S IEHRIE.

MAZEHIRE
o JJIIgREE/R: 3FDeepSeek-V3-Baseit{T2501.
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Reinforcement Learning

5.2.1 5815
REniEEY
HERMAZ) IR RBETFANGRHER (RM) EFERFZRER:

|§£zn5 MEIRM I
S FEIEEAFEMNIIERE M (ANEE AR E S R LeetCodefUiZRE), HNERZEIEESRL (WA
HEfRic) RMREER, FEIHNIRIEERSE. fla:

N

« HFEE: WIKRERESHERER
o CE3EE: FA G FRETNILAMNEMRR
ETIRERIRM
HFEHBARLERNEM (NEIEELE), EMRIFEE T B NS RERMR 5, ZERM

DeepSeek-V3 SFT#ERI%, @I EE** B4 (chain—of-thought) **[{maf ZIEIRE AT e 14, | DAKE
RASEESNERMEBEERH N,

Model | Chat Chat-Hard Safety Reasoning Average
GPT-40-0513 96.6 70.4 86.7 84.9 84.7
GPT-40-0806 96.1 76.1 88.1 86.6 86.7
GPT-40-1120 95.8 71.3 86.2 85.2 84.6

Claude-3.5-sonnet-0620 | 96.4 74.0 81.6 84.7 84.2
Claude-3.5-sonnet-1022 | 96.4 79.7 91.1 87.6 88.7
DeepSeek-V3 96.9 79.8 87.0 84.3 87.0
DeepSeek-V3 (maj@6) | 96.9 82.6 89.5 89.2 89.6

Table 8 | Performances of GPT-40, Claude-3.5-sonnet and DeepSeek-V3 on RewardBench.
e




- Discussion

Model IE‘Veg‘l’deBeE‘Chﬁ"T o M&Tﬂf"’“ . 1. FITIRT T 1AL, (b BRI T TN K
ass ength | Pass@l Leng 2. AHETRRE R 1T AR SR R IS (SRR T —

DeepSeek-V2.5 Baseline 31.1 718 74.6 769 TR
DeepSeek-V2.5 +R1 Distill | 37.4 783 83.2 1510 3. KEEEHEXR ] RErt R AR R E SR EMIA

MESHRBE LB ERMNE
Table 9 | The contribution of distillation from DeepSeek-R1. The evaluation settings of Live-
CodeBench and MATH-500 are the same as in Table 6,

FFiDeepSeek-V3IEHBANSEMEERIFARIRHKIR. XMDA~4E TREATITTRER, BER
7 DeepSeek-V3EFIFHFAIZFRIL. constitutional Al approach

Multi-Token Prediction Evaluation : Second token prediction ranges between 85% and 90%




DeepSeek-R1: Incentivizing Reasoning Capability in LLMSs via

Reinforcement Learning
L

Post-Training: Large-Scale Reinforcement Learning on the Base Model
Distillation: Smaller Models Can Be Powerful Too
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o 1BIRE: FRT/EMIERMRESS, FAVERMATRAURMRE, BHREBEBEIERAE " <think>"
F“</think>"#5% Z [8].,

fEFF & DeepSeek-R1-Zeroft, FHfW& z IRV RER, FABA R IARERFIREITEAN]
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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>

Self-evolution

<answer> answer here </answer>. User: prompt. Assistant: Process of
_ ‘ - , DeepSeek-R1-
Table 1 | Template for DeepSeek-R1-Zero. prompt will be replaced with the specific reasoning Zero
question during training.
X ERACREEN—"FEZ, EENLAETEE (IERE
BTG E TR P B AR IR R B IR 5 AR L FH MeERES
BIUEIMEREMNER, XMEAKREZELE T DeepSeek-R1- ZeroE’]?’EIE '57] EE EBESW. B
Batth N 3 88 Bk 1 RV1ESS .
DeepSeek-R1-Zero AIME accuracy during training DeepSeek-R1-Zero average length per response during training

12000 A

10000 A

8000 A

6000 -

4000 A

Average length per response

—8— rl-zero-pass@1

—8— rl-zero-cons@16
=== 01-0912-pass@1
=== 01-0912-cons@64

2000 +

2000 4000 6000 8000

Steps 0 2000 4000 6000 8000
Steps




| Aha Moment |of DeepSeek-R1-Zero A particularly intriguing phenomenon observed during
the training of DeepSeek-R1-Zero is the occurrence of an “aha moment”. This moment, as
illustrated in Table 3, occurs in an intermediate version of the model. During this phase
DeepSeek-R1-Zerqg|learns to allocate more thinking time to a problem by reevaluating its initial

approach. This behavior is not only a testament to the model’s growing reasoning abilities

but also a captivating example of how reinforcement learning can lead tojunexpected and
I sophisticated outcomes.l

This moment is not only an “aha moment” for the model but also for the researchers
observing its behavior. It underscores the power and beauty of reinforcement learning:m
Ithan explicitly teaching the model on how to solve a problem| we simply provide it with the
Iright incentives| and it autonomously |develops advanced problem-solving strategies.' The
“aha moment” serves as a powerful reminder of the potential of RL to unlock new levels of
intelligence in artificial systems, paving the way for more autonomous and adaptive models in
the future.

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

Response: <think>
To solve the equation va — va +x = x, let's start by squaring both - - -

(\/af a+x)2=x2 = a—+Va+tx=x% . —
Rearrg)nzgf to isolate the inner squz:\zr)e2 root term: D ee p Se e k_ R'] _Z eroEﬂlﬁ'tﬂEﬁ*ﬂlﬁ %;Eﬂ_j-g

FHEFE

(@a-x)2=za+x = a?-2ax®+ (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 canbe - - -

We started with the equation:
va-+va+x=x

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

2
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DeepSeek-R1: Reinforcement Learning with Cold Start
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DeepSeek-R1: Reinforcement Learning with Cold Start
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ZIBREY . BAMNMFISFT, RESRLIER,

RESINRLATLIBERFHEENERE, FeliJAY

FTEHRERTEE

FiiEq4

RARIERME

ﬁﬁmg Llama®R iz
QwenFE e 2 2
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W
SFT
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distill-Qwen

.
deepseek-rl

distill-Llama

GPQA  LiveCode

Model AIME 2024 MATH-500 Diamond  Bench CodeForces
pass@l cons@64 pass@1 pass@1 pass@1 rating
GPT-40-0513 9.3 134 74.6 499 329 759
Claude-3.5-Sonnet-1022 16.0 26.7 78.3 65.0 38.9 717
OpenAl-ol-mini 63.6 80.0 90.0 60.0 53.8 1820
QOwQ-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.




Discussion

4.1. Distillation v.s. Reinforcement Learning

AIME 2024 MATH-500 GPQA Diamond LiveCodeBench

Model pass@] cons@64 pass@1 pass@1 pass@1
QwQ-32B-Preview 50.0 60.0 90.6 54.5 41.9
DeepSeek-R1-Zero-Qwen-32B 47.0 60.0 91.6 55.0 40.2
DeepSeek-R1-Distill-Qwen-32B  72.6 83.3 94.3 62.1 57.2

Table 6 | Comparison of distilled and RL Models on Reasoning-Related Benchmarks.

Unsuccessful Attempts

SRR (PRM)
PRME—MBIEM 7%, IS SRR BB ERARIZES (Lightman et al, 2023; Uesato et al.,
2022; Wang et al., 2023) , %7, %XHH, PRME=NTERRTAMISHRLAY: Bk, TEARE
chepfRE XA S R A M E] EUR, HIM{EE R e e & e — RIS, (BRRRHT AR
IEPIRETABEI S ABBIER, %=, —B3IAEFHEAHPRM, R
%it 2 SHLMHRIE (Gao et al, 2022), mBHIIEXHREBBFIMOIGR| HEBMIGREER
f, B2, REPRMEEHHRREMMTop-NINREHENS| SR (Snell et al, 2024) SEFMLIE, {8
RN PRANRIRN S ILIED, HILBIELES NTINT EFF AR,




I FIEMIEER (MCTS)

ZAlphaGo (Silver et al., 2017b) FlAlphaZero (Silver et al., 2017a) MEEL, BMRZETERZREEEWN
R (MCTS) RiZEMXMITENAT B, IMAEEERDBAENNE D, FREEER RSIRRR
AARTE, A, BIHRRERERZ MIE, XERENNTFERABISEHELSE, FilZP, )
B ERREMRTBIMCTSEIZGMMEREIES TIEIER, BEFEREMNIDA-ZRITIERRE
BEEFMERR, HEAMAX—TE.

AT, XMAEET RIIGRER/LTHkE: &%, SREFENRRNERZEAR,| fncEREIERR
BERNERZE., NTERRZTEE, BNASTTHRIRE T&AYT RIRT, [EXAIESHUREEA B &
L. LR, MERREEZWERAE, AN ERSERIENEG—D . JIG—"THUENNEREESHMR
3, | XEFREME LU | REAIphaGofIiZ/ OB INIRE Tl MM ERELLAZ S i FH1%RE, (BB THRc
ERRIERE, X—RUERNMKEREUES,




- Future Work Directions

OBARENTRE : MtradeitZ2CLIISEE
O DeepSeek-R1IFEENEIAR. ZiextiE. & Zte-off / ABIEFISONG G HFT
% _FRIAa0DeepSeek-V3
o ZMEUIEG (B /Esh—RL—SFT—RRL)
O R BRENBHRTEZEAR
O |AZKERNMERRIALE, BREERLHE—TMIL
O MoE + rl inference
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