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1)  Z. Shao, P.Wang, Q.Zhu, R.Xu, J.Song, X.bi, H.Zhang, M.Zhang, Y.K. Li, Y.Wu, D.Guo, “DeepSeeckMath: Pushing the Limits of Mathematical Reasoning in Open Language Model,” arXiv preprint arXiv:2402.03300, 2024
2)  H.Wei, Y.Sun, Y.Li, “DeepSeek-OCR 2: Visual Causal Flow,” arXiv preprint arXiv:2601.20552, 2026

Outline

+ LLM &
- LLM (DeepLearning) = 2 £ : Training / Inference
LM 2l = 40| =& 5 "X - Pretraining > SFT - RL

 DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Model [arXiv 2024]Y
- 40| =& : Seed-Positive (=Sf £t T), Common Crawl-Negative (=2t 2t H Bl
- SFT : CoT, PoT, TIR
- RL : GRPO

* DeepSeek-OCR 2: Visual Causal Flow [arXiv 202612
. DeepEncoder V2 A| 2t
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LLM X

« LLM (DeepLearning) 2 &= Training / Inference 2 &2 Tt =

- Training : Transformer T+ 7|2t2 2 &l Bl A E = Tokenization + EmbeddingotO] Ct& E22 0|& (2fg), R2| X|s1r 44 &d/d

- Transformer, GRPO, PPO, SFT, QLoRAGS2| HHE= =&
ference: 20| SHIE|  8150] SH2E 2B BRI0| ALGAIS LEO| TS S ML SHE SHLBHE T

- Prompt Engineering (CoT, ToT &), Tokenizer, Embedding, Bit &A=t 2| B = 2&

Training (&HS/71'R)

=X YO X 5T 4 HY A 9 2 o2

FEK[(W) BOolE & (Bgh W E (2F Egh

Sl 4 Transformer, GRPO, SFT, QLoRA Prompt Engineering, Tokenizer, Embedding
X2 7| Sk [0l B 2 M 2| CoT CoT, ToT, LoT (2 & 7| &)

SF=%0f Ol St58 VRAM 2HE (H100 &) TFAetE St s 2EL
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LLM X

« LLM Pretraining, Supervised Fine Tuning (SFT), Reinforcement Learning (RL)2F € 0| 3THA = 14

Data =& & QX[ > Q0|2 1= O|Sl|St= Pretraining 2 > AFEXA2| X|A|Q [HE M &t SEH =2 IR =
SFT > R0 B2 | Hotels RL2 7o

RL (REINFCEEMENT

LEARNING

Data * Data Collection : Web Data (Common Crawl), GitHub, arXiv S [ ARCHITECTURE
« Data Refinement : M|, XS =Xl 2EE &

PreparatIOIl * Synthetic Data

* Tokenization
Pretrammg * Embedding

* Positional Encoding

* Transformer

* Full Fine-Tuning
* Parameter-Efficient Fine-Tuning(PEFT)

* Direct Preference Optimization (DPO)

CLEAN CORPUS +

* Proximal Policy Optimization (PPO) SYNTHETIC DATA ENGINE

L * Prompt Engineering

REAONING MODEL + SELF-
-CORRECTION
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Pretraining

» Pretraining= A+ HE=S= =4, Ot7|E1A, OOy, &t @5-d0|2t= 471K 2HO0M =&
B B 3% T D HO| HO|E S Sof RUS oA IS HOITHE B 44K H2
- Causal Language Modeling (CLM) : O| HEA

)

-

OO 5o A5 : 222 V| EL}0fH H|0|HZ F=Lp O &Eot= &
S

-

EZssS 20 HZE LGS0 = B0 0= (LLMe| 2= E4)
ZH0ll MaskS 01541 S MR =2 & (BERT 2 )
O

-Masked Language Modeling MLM) : =8 = |
o|=2 Aot F el 28

o
-Denoising : =0 =ME AAHLI O E & T52F €2 Encoder-Decoder 2 &)

(
{OPZ| 8N 7= 2N G o 2as SHeortd 2O EF = 7|77 ?let = 24 G+
E

- Mixture of Experts (MoE) : A Lt20|E & G[O|E X 2|0f €3t 73 Expert 7 =T
QUM |G | K|A B3 HIOFE o

-1 O O

fjo
Ofm
=
£

>

- Attention 2 =2 (MLA, GQA) : Multi-head Latent Attention (MLA)O|L} Grouped Query Attention (GQA) &
'« KV Cache 2= 1

-Scaling Laws : O|O|E{ 2| &, R EO[ 37|, AT A& ArO|2] of £2h2tA &4, =Ko efa =g &
- Curriculum Learning : Z£7|0& 4@ LBt 2X 0 2 St&3ICITL HAL 48 5 S8 H|0|H S FYUSHE =M S 2|3
- Synthetic Data Generation : NFHEAE BE FXE S| 4507] {6l A ddet HO|HE et&0] 28

1% THdkan @UDSL
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Pretraining
QIAFSIOIZBE S 83 QT . 5l =90 K| AS IO 2 2B}7| Y3t 7| &N
A o

=
-Flash Attention : GPUL| K| 2 2| & &AM 2 XM 251 Attention HAF S EE SHEY
A

&
Of =Z0M 715
=

-Mixed Precision & BF16 : FP32 Ll 4l FP16, BF16 &2 | B L A2 A0 AIE0I0 S = 0|10 22| = A
- Distributed Training : T=Et 7H2| GPUE 282 2 AA0I0 at5= E4t X 2|ot= " E 2} (Pipeline &) 7| '#H A+
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Supervised Fine Tuning (SKFT)
- SFT= ot 8R(2Ed), HOoIHe| d4(=5)0 e =/
- o5 Bl A AR 2sd G4 2O o2 0[HE E0f
~Full Fine-Tuning : 2 22| 2= 75X (W)= YHIO|E, AHC|
- Parameter-Efficient Fine-Tuning (PEFT) : CH 22| 75 X[= 1785t 35| L F 9
:': Low-Rank Adaptation (LoRA) : 7S K| B AO|Of| 22 I 7[9 'O{HH' HE = & /ISt O|ATHSh&, GPU M E 2| AL |
:': Quantized LoRA : 22 S 4-bit SO E Y XI3}5H AENO A LoRA HE, 7 212 GPURTX 4090 )| M= Y BB sh5 7ts
ij}PromptTunjng/PreﬁxTunjng:EE%'Q tsX|= HELX| @0 " ¢EHof| ehs Vst 7had & Z(Soft Prompt)’ =0 X[ A3}
OO 78 A S50 (= S+ HO|HE O SA 22 FJ5t0 St A|7| = L0 2 2 ZE e[ 'S0l 28
~Instruction Tuning : “A&=-EH" &= StS5A|71 L2 O| AFBXAI| X[ A[AME = = o
- Chain of Thought (CoT) Tuning : Eh&= FEO| OtL| 2} ZH[-<AtX IFE>HHO[ S 0| H
- Dialogue Tuning : CH=2}2| EH EF(Context)% FAlotH HE|H CliztE =18 HIOIHE staAl7 MXC=E d5 &
L

—
-Rejection Sampling : 2 & O| ‘ddo 02 HH 5 2o REO| =A 7ot A=0 =2t

A srawa (&0s.
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Reinforcement Learning (RL)
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, Critic 2 &= 7X|
2 HEO| Critic EE Q0| OF LW BHHES

- Proximal Policy Optimization (PPO) : Actor-Critic 22 & A&

0|

pSee
At

- Group Relative Policy Optimization (GRPO) : Dee

- Direct Preference Optimization (DPO) :

= H =
— L T1

Off CCk

H}O HF Al
L- O O 1
- Reinforcement Learning from Human Feedback (RLHF) : At

M_H
jol
ol

S Hjgro

0471 Gl &

—
=

Mzg

- Reinforcement Leamning from Al Feedback (RLAIF) : AFEF CHA G SO Hs2 7t

~Rule-based Reward : &=t =X|2| &

o
|

OF

7| = 0[]

- Chain of Thought (CoT) : “EHA| B = M| EXpef 20| 5

- Tree of Thoughts (ToT): ({2 == E =
- Logical/Line of Thoughts (LoT) : =2|& &
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DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Model [arXiv 2024]
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1)  Z. Shao, P.Wang, Q.Zhu, R.Xu, J.Song, X.bi, H.Zhang, M.Zhang, Y.K. Li, Y.Wu, D.Guo, “DeepSeeckMath: Pushing the Limits of Mathematical Reasoning in Open Language Model,” arXiv preprint arXiv:2402.03300, 2024

2)  MATH benchmark : L=, =8, &, S M/0|H 2, 7|5ts T&H ot U] A MEHS e, 00 49| ~ Ot g, ol 2 M E Zedoto CtEtA =58 2+
DeepSeekMath 7BV
e DeepSeckMath 7B & & &

. DeepSeck-Coder-Base-v1.5 7B 22 = HIE O = Common CrawlO| A =22t 1,2009(120B) 72| =<t 23 EZ 1}
Areio] 2 ZE O|O|HE &850 7t AE eh5= Td
_Gemini-Ultra
GPT-4 AP DeepSeekMath-7B
50 If 51.7%
/
> |..GPT-4earlyversion Aol
© 40 !
5 /
O Qwen-72B
o ()
< Llemma-34B .~
— . ”
® 30 Mlstral-7Bl,-—"
5 Qwen-14B _-®
S WizardMath-70B _ _ e~

l“-_): --"'r
s 20 ”__,--"

[LaMA1-65B __-=""

2023-04 2023-07 2023-10 2024-01
Date

o Q| E t0olkitO|Lt E X 7|HO| O|=8IX| QD= AX O3] &0 MATH HIX|OF 0| A 51.7%2H= CIAIM Ol HAE 7|2
AW CTHE-D
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1)  fastText: THO{-n-gram UH| TS E4%L3J Fl M 2R/7IE A8%ts O 210 Z 20| supervised 2/ 7|
2) %“'01 IX|0r3 : GSMSK (Cobbe et al., 2021), MATH (Hendrycks et al., 2021)
Of #IX|OF3 : CMATH (Wei et al., 2023), AGIEval (Zhong et al., 2023)

DeepSeekMath 7B

» DeepSeekMath-Base 7B 2 & Data =&
- Seed corpus. = OpenWebMath= AFE, Common Crawl | A —r_cif #2HA HIH 0| & EfM (fastText) 77| 2 &)
- Seed corpus | A| random®tA| 500,0007H2| G| O|E{ 41 EH (Positive = =%), Common Crawloﬂ/\‘l 500,000/ 2| G| O & 41 &4
(Negative £ T2} — fastText &5 &3 — 40B HTML 21| O| X| %.FE > FEEX| F2 T HO|EHE o2 FA
X 2|5t Positive data 2 — fastText =7 — ... — ... (BFF)
2 4HO| O O] =& Bh= E0] 120B EZ0| sl & 5t= 35.5M71 2] =2t | 0| X| 22 (OpenWebMath 37| 2| 9H})
X 02 @ E= WX|5H7| 26 SO/5=0y =3t X053 0| AFZ0|Lt HHZ o= & HO|X|E EHE

:': 500B =2 : DeepSeckMath Corpus (120B) 56% + AlgebraicStack 4% + arXiv 10% + Github code 20% + natural language data from Common Crawl
(English and Chinese) 10%

4

A/Z. Recall Math-Related Webpagem

* 1. Train a FastText Model >
. From Common Crawl
[Data Preparatlon} - J - A = 23 Library : fastText
= HHE X3 256
= SISE:01
= n-gram Z[CHZO] : 3
= OO [ =9 33
Math Seed . :S_—En_:l OﬂEﬂ 3
Deduplicated Common Crawl Math Corpus
40B HTML pages
f 4. Annotate Math-Related \, 3. Di Math-Related D , L
\ URL Path From Labelers J‘ K DEOREERETEENNE omamsj~
” HAYTHEED o 8 22 W 0|X| S £7sHe 2HE A ol THo| Z 2}l & UDSL
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DeepSeekMath 7B

» DeepSeekMath-Base 7B & & Data =2

- CFE corpus@t &5 H| W

(DeepSeek-LLM 1.3B, few-shot CoT prompting 7| )

Al DeepSeekMath Corpus”/f 78

IX]0F3 : GSMSK (Cobbe et al., 2021), MATH (Hendrycks et al., 2021)
#I X[ Ok 3 : CMATH (Wei et al., 2023), AGIEval (Zhong et al., 2023)

English Benchmarks Chinese Benchmarks
Math Corpus Size
MMLU Gaokao  Gaokao
GSMS8K MATH OCW SAT STEM CMATH MathCloze MathQA
No Math Training N/A 29%  3.0% 29% 15.6% 195% 12.3% 0.8% 17.9%
MathPile 8.9B 2.7%  33% 22% 125% 15.7% 1.2% 0.0% 2.8%
OpenWebMath 13.6B  11.5% 8.9% 3.7% 31.3% 29.6% 16.8% 0.0% 14.2%
Proof-Pile-2 519B 143% 11.2% 3.7% 43.8% 29.2%  19.9% 5.1% 11.7%
DEEPSEEkME_th CDI‘pUS 120.2B 23.8% 13.6% 4.8% 56.3% 33.1% 41.5% 5.9% 23.6%

-LA
StEEI D

* A2 CHE corpusOf| A
GSMSK [Cobbe et al., 2021]: Z&t’d =F2| = ZX| & 5= Gt

MATH [Hendrycks et al., 2021]: B Al =ZF 2| 0|2 =< 22X siZ s5H2 E7t

OCW (Open CourseWare) [Lewkowycz et al., 2022a]: LSt =& 9| =< & 1fst np7d 2 7|Hto = o

AsH MM SE|

SAT [Azerbayev et al., 2023]: O| = L=t =5t5 HA|2(SAT)2| =
MMLU-STEM [Hendrycks et al., 2020]: 2+, 7| &, &%, =3 xl
Chinese Benchmarks: &= Of ~3t S22 B

ot 58S o7fo+ HX| o=
CMATH [Wei et al., 2023]: RSl =72 ot Al S 7|8t MIX|O=
A&

% 4o |1 o
Gaokao MathCloze, Gaokao MathQA [Zhong et al., 2023]: &= CHZ} st ]

R 447 T 8
SOGANG UNIVERSITY

, &S =3HSTEM) =O0F0]| Z %Xl 25 2|5t CHX|

+3t 2H 2, 247 ¢

DeepSeck-LLM 1.3B2| 45 (few-shot chain-of-Thought prompting Al-&)
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DeepSeekMath 7B

 SFT Data Curation

. CoT, PoT, TIR @42 = F=A40| HHEl 776k712] 23 (N =2 78 (0,50 =5 =4 £
- Chain-of-Thought (CoT) : 2 20| %[F EHO| =HoL7[7HX[2] S F2 A& HAEZ XtA|5| 2SS St= A
20l @l HA AS Al4rStd, O 0= BE AFESHY C& 7etCef 20| BHAIE ALl AP HA
- Program-of-Thoght (PoT) : L &0| =X|= off Z5t7| {[oll LfO|M D EQt 42 T2 1 A5t Hallot= A= L

ce AR A MOIL =2 X 2XH7F 2

- Tool-Integrated Reasoning(TIR) : 2 & 0| =X

Aol =&

12 10N 2 F =10 Alet7], Hik 2t0| B2 2])E =& 010] ArE

[0
o
ot ML

Sto O AlD o EX = Z= X
2:PoT2 FAISHA|RE S8 =7 AP0 o S5
| SFT | #= CoT PoT TIR
lambda q: f"""Let's solve this step by step. lambda q: f"""Solve this problem by writing and executing Python code. |lambda q: f"""Solve this problem by integrating logical reasoning with external tools.
Question: {q} Question: {q} Question: {q}
Solution: Write a Python program to solve this step by step: Plan:
Step 1:""" “python 1. Analyze the question and identify which steps require external tools.

# Your code here

Prompt

SOGANG UNIVERSITY

R AW CTHE-D
S

Execute the code and provide the result:"""

13

2. Execute tool calls and interpret the results.

3. Synthesize the final answer based on the tool outputs and logical deduction.
Solution:

Step 1: [Identify the first sub-problem]

Tool Call: [Tool name and parameters]

Result: [Output from the tool]

Step 2: [Reasoning based on the result...]"""

@UDSL



DeepSeekMath 7B

» DeepSeekMath-Base 7B : GRPO 7| & &H-&

. Group Relative Policy Optimization (GRPO) : PPO2| H _C"c_>

- Proximal Policy Optimization (PPO) —

O EH

HE[X] 4, & A4
- Policy Model 2|0f| Value ModelO| 2=

2, critic model& Ar&0FX| ¥ &5 H0f| M
baselinesS o106 28 XS A 44
actor-critic & 12| F 2 =, policy model (m,)2t value function (V)& 274 2 H ot
FI7M8 01 BE S ostgoljof otE =, 2| 5! A4t Xt REEH0| &
(22)0 cHal O B 7, .0 =2 DF {0,,0,,...,0;, } & HBEE0IL, 0| 1F2

-GRPOE= O| 2X| & s Z5t7| {5, 2 q

HA HALS 7|
' Value Model ax

Moz Al

ROl 20t~ el &

[ RL } Feature OpenAl ol (PPO) DeepSeek R1 (GRPO)

Models Trained 2 (policy + critic) 1 (policy only)

Training Method | Compares responses one by one Ranks multiple responses at once

Computational Cost |High (training two models) Low (training only one model)
Training Speed Slower Faster

Self-Verification | Weak Strong (better ranking method)

* Source : https://www.appypieautomate.ai/blog/comparison/openai-o1-ppo-vs-deepseek-r1-grpo
R AW CTHE-D
SOGANG UNIVERSITY 14

Comparing OpenAl-o1 PPO

to DeepSeek-R1 GRPO

| OpenAl-o1
Policy

TRAINING 2 MODELS

VALUE MODEL

| DeepSeek-R1
Policy

FROZEN MODEL

REFERENCE MODEL )>\
\ REWA o

“oureur 2 ) - REF MODEL }J _ANSWER 2 )

(& tos



DeepSeekMath 7B

e PPO vs GRPO

: PPO-= value model(critic)= 2f5ot1 EZ Y advantageS GAEE A 45= HHH,
GRPOE O] 2 (/222 MEEl 0l...06)2 O & tHZE HIISHH value 2R 2 Q1012
&5 W &L E& 2 2 advantageE Tt
Reference |
PPO Model |
" Reward |
E]_{ Policy . Model |
Model " Value ) ‘
Trained
Model |
\ v. Models
GRPO Ké_ Frozen
Reference | Models
% Model

J
~

Policy 0, Reward | T, Group A,
Model . Model | Computation
A Azunsra & upsL
6 SOGANG UNIVERSITY 15




1)  J. Schulman, F. Wolski, P. Dhariwal, A. Radford, O. Klimo, “Proximal Policy Optimization Algorithms,” arXiv preprint arXiv:1707.06347, 2017

DeepSeekMath 7B

« PPOV

PPO= A A O|EQ| OHHAMS SXSIHME ZEEQI st5S JH58lH st A

Reference * q: AH EHE
PPO Model «  Policy Model : ?i%f at& S REHZ A g0 CHE SH 0B Hd (&5 2 E)
[II——-[ Policy | I;:;;ld GAE H 4 l ¢ 0:Policy ModelO| ¥/ dot &
Model (™ Value *  Reference Model: Policy Model2| O| & H{TO|AHLt £ 7|F0| E|= 2& (1L7)
Actor | Model Policy ModelO| Reference ModelOf| A L{F ZH 2| BIO|LIX| R =& KL H4t LD E[E A 4St= O AFE

critie «  Reward Model : 02| 222 7510 24 12 MY (QEHOZE StEE| AL O|2| Hol=l 7o 7|8tz
+ Value Model: 47| AEH(EE SE 0)2 7HXIE 0|50 B (1K vE 53, %4 2Y)
« KL &4 (KL): Policy Model 2} Reference Model 7t2| KL 2 40| Al A

JE

1

lo]
1 . 7o (0¢lq, 0<¢) . ( 7o (0¢lq, 0<¢) ) ]
0)=E|[q~P(Q),0 ~ (0] — Ag, cl ,1-¢,1 A . L

IJppo(0) = E[q ~ P(Q),0 ~ mg,,(0lq)] o ;m |ﬂ901d(0th’0q) velip | gy e e A Policy Model2| Y H|O|E7} 42 2 243}H 0| 20| X 2otHs|X|= A S HHX|)
E:|O|:H%§§1 = clip : &sk/38}8H M| Bt (p ohcy update7t 27 « r:Reward ModelOf| A] L2 E 4 0| KL 24 HEE|7F Co| N 2T E4&f A2 71 &
-+ O - — — H —

Mo Z 0|20 at&50| Eot™HEX|= A |

= YK mg(0clq, 04r) |

re =re(q,0<¢) —iplog Trer (0610, 00)

KL 24 I ZE]|

«  GAE(Generalized Advantage Estimation) : GAE= Z£|E 24 r1} Value Model2| 7}X| vE& O| 8310 0| EBHE[X| AS Al At
HEME|X|= Ed d30| B 20t EO0iLE § S2X| & LIEfU = X &7
O EBHE|X] (A): Al4HEl O EBHE|X] A= Policy Model=2 & H|O| ESt= G| AFR A = Q(St: ﬂt) — V(St)
Policy Model2 O AE %|CH2}ol= Higko = o

rl>

ﬁf =T + ’}“V(St_l) — V(St)

1GAE(v,A) 00 l
g d k- A, = 2 _1—0(YA) bt %, uDSL
SOGANG UNIVERSITY 16



DeepSeekMath 7B

* GRPO

+ Value ModelO| 28 G222 PPO CiH| M 22| AEFN A S8d= A 28 = Vs

GRPO

Reference

ren n A, + Policy Model : 817} St 50 292, U2 o0l et ST 0B MY (35 2Y)
@_{ Policy ] 0 e } - Group A *  0: Policy ModelO| ‘$-g%2t SH (PPO= & 72| o(SH) &8, GRPOE O 7H2[ SH (0}, 0,...00)= HET)
2 2 : : 2
Model oo Model Computation *  Reference Model: Policy Model2| O] T O| ALt £ 7|&0| &|l= 22 (27)
o L L o

Actor o6 "6 Ag Policy ModelO| Reference ModelOf| A L H2| SO LEX| U= = KL 24t T 2 E[E A AHSH= O AHE
«  Reward Model : 02| 222 HII510] 24 12 MY (2BEXHS

GPPO =74 at=(X|CH=} e Value Model: X

%RPO(G) = IE[q ~ P(Q), {Oi}?zl ~ Q4 (Olq)]

5 — o Hd o
G |oi] ‘ : . ‘ i o +
2000 ), fmin| 2L g g (ZEOUB ALy Ait} Dk [molimrey] 20t 1 QA2 £8 (0] GIAS Sof ZH ST THEE ATHEI QI O{EHEIR] (A,,.....A)S X=F
—d |oj| “~ 79,4 (0itlq, 0i <t g, (0i,tlq, 0i <t ' _ L
- Yy +2t SOl A O M 18 HH HAto| RS i WA 2 HTiX Ol 29 A Tk
A , == - A ~ ;—mean(r
clip : &2H/5tet XS (policy update?t & £l HAstel HEM S OEHEIXZ M == A;; =T; = ! 3 (
Moz 0|20{ 50| 2QFBHA|E A ] std (r
< uix) . KL A (KL): B A HZE|2 X1 C{SHRIS ChAL Policy ModelS RIIO|E3H= 241 B140j) 7 MRt o2 57}
£3 PPO GRPO Dxk1 [HGHJTref] = Tref (01¢ld; 00 -lo Tres (0iclg, 01 —1  * DKL guaranteed to be positive
lue Model | EX(FEE), 7HK| vE & NN ES o (erela 010 otoula o)
Value Mode AT ES), vV &5 =Allo =)
ojcuiE| x| A |12 SESI 2l IHAvE so Moo st oy 2cto] 0= | © HEHEIX (ALLAg: AE Hals SOl Althe HEME[X] (A,...Aq) = Policy Model & B[O E St= O ArE
- ~ |GAER &Y B dMM =
g e | PEOIHEHAN AS Ry 2 g0 gEo WRstgoz
2 NS x| H 7t
O = 2|/Xt2 2&%4 |7} Value Model 2 QI8 =& Value ModelO| 10| 28X

4474 TN &;Q_ %’ UDSL
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DeepSeekMath 7B

» DeepSeekMath-Base 7B 2 & 4

~
o
- DeepSeekMath-RL 7B= CoT FE= Z-&5H0 GSMSK2F MATHO| A ZFZt 88.2%2F 51.7%2

English Benchmarks Chinese Benchmarks
GSM8K MATH MGSM-zh CMATH

Model Size

= =29

Tool-Integrated Reasoning

Chain-of-Thought Reasoning

Closed-Source Model

Closed-Source Model
GPT-4 Code Interpreter - 97.0% 69.7% - -
Open-Source Model
InternLM2-Math 20B  80.7% 54.3% - -
DeepSeek-LLM-Chat 67B  86.7% 51.1% 76.4% 85.4%
ToRA 34B  80.7% 50.8% 41.2% 53.4%
MAmmoTH 70B  76.9% 41.8% - -
DeepSeekMath-Instruct 7B 83.7% 57.4% 72.0% 84.3%
DeepSeekMath-RL 7B 86.7% 58.8% 78.4% 87.6%

Gemini Ultra - 94.4% 53.2% - -
GPT-4 - 92.0% 52.9% - 86.0%
Inflection-2 - 81.4% 34.8% - -
GPT-3.5 - 80.8% 34.1% - 73.8%
Gemini Pro - 86.5% 32.6% - -
Grok-l - 62.9% 23.9% - -
Baichuan-3 - 88.2% 49.2% - -
GLM-4 - 87.6% 47 9% - -
Open-Source Model
InternLM2-Math 20B  82.6% 37.7% - -
Qwen 72B  78.9% 35.2% - -
Math-Shepherd-Mistral 7B  84.1% 33.0% - -
WizardMath-v1.1 7B 83.2% 33.0% - -
DeepSeek-LLM-Chat 67B 84.1% 32.6% 74.0% 80.3%
MetaMath 70B  82.3% 26.6% 66.4% 70.9%
SeaLLM-v2 7B 78.2% 27.5% 64.8% -
ChatGLM3 6B  72.3% 25.7% - -
WizardMath-v1.0 70B  81.6% 22.7% 64.8% 65.4%
DeepSeekMath-Instruct 7B~ 82.9% 46.8% 73.2% 84.6%

DeepSeekMath-RL 7B 88.2% 51.7% 79.6% 88.8%
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2)  OCR(Optical Character Recognition,

DeepSeek-OCR 2V
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= —
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2.2, Validating the Quality of the DeepSeekMath Corpus

O MEE e r——c
oz, o=m =y

textbooks, Wikipedia, Pl‘DDfWLk_l CommonCrawl, StackExchange and arXiv, with the
majority (over 85%) sourced from arXiv;

OpenWebMath (Paster et al., 2023): CommonCrawl data filtered for mathematical content,
totaling 13.6B tokens;

Proof-Pile-2 (Azerbayev et al., 2023): a mathematical corpus consisting of OpenWeb-
Math, AlgebraicStack (10.3B tokens of mathematical code), and arXiv papers (28.0B to-
kens). When experimenting on Proof-Pile-2, we follow Azerbayev et al. (2023) to use an
arXiv:Web:Code ratio of 2:4:1.

2.2.1. Training Setting

We apply math training to a general pre-trained language model with 1.3B parameters, which
shares the same framework as the DeepSeek LLMs (DeepSeek-Al, 2024), denoted as DeepSeek-
LLM 1.3B. We separately train a model on each mathematical corpus for 150B tokens. All
experiments are conducted using the efficient and light-weight HAI-LLM (High-flyer, 2023)
training framework. Following the training practice of DeepSeek LLMs, we use the AdamW
optimizer (Loshchilov and Hutter, 2017) with g1 = 0.9, B2 = 0.95, and weight_decay = 0.1, along
with a multi-step learning rate schedule where the learning rate reaches the peak after 2,000
warmup steps, decreases to its 31.6% after 80% of the training process, and further decreases to
10.0% of the peak after 90% of the training process. We set the maximum value of learning rate
to 5.3e-4, and use a batch size of 4M tokens with a 4K context length.

English Benchmarks Chinese Benchmarks

Math Corpus Size
MMLU Gaokao  Gaokao
GSMBK MATH OCW SAT STEM CMATH MathCloze MathQA
No Math Training N/A  29% 30% 29% 156% 195% 12.3% 0.8% 17.9%
MathPile 8.9B 27%  33% 22% 125% 157% 12% 0.0% 2.8%
OpenWebMath 136B  115% 89% 3.7% 31.3% 29.6% 16.8% 0.0% 14.2%
Proof-Pile-2 51.9B  143% 112% 3.7% 438% 29.2% 199% 5.1% 11.7%

DeepSeekMath Corpus 120.2B  23.8% 13.6% 4.8% 56.3% 33.1% 41.5% 5.9% 23.6%

Table 1 | Performance of DeepSeek-LLM 1.3B trained on different mathematical corpora, evalu-
ated using few-shot chain-of-thought prompting. Corpus sizes are calculated using our tokenizer
with a vocabulary size of 100K.

2.2.2. Evaluation Results

¢ Raster-Scan Odering

The DeepSeekMath Corpus is of high quality, covers multilingual mathematical content, and
is the largest in size.

* High-quality: We evaluate downstream performance on 8 mathematical benchmarks using
few-shot chain-of-thought prompting Wei et al. (2022). As shown in Table 1, there is a clear
performance lead of the model trained on the DeepSeekMath Corpus. Figure 3 shows that
the model trained on the DeepSeekMath Corpus demonstrates better performance than
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2.2, Validating the Quality of the DeepSeekMath Corpus

We run pre-training experiments to investigate how the DeepSeekMath Corpus is compared
with the recently released math-training corpora:

¢ MathPile (Wang et al., 2023c): a multi-source corpus (8.9B tokens) aggregated from
textbooks, Wikipedia, ProofWiki, CommonCrawl, StackExchange, and arXiv, with the
majority (over 85%) sourced from arXiv;

OpenWebMath (Paster et al., 2023): CommonCrawl data filtered for mathematical content,
totaling 13.6B tokens;

Proof-Pile-2 (Azerbayev et al., 2023): a mathematical corpus consisting of OpenWeb-
Math, AlgebraicStack (10.3B tokens of mathematical code), and arXiv papers (28.0B to-
kens). When experimenting on Proof-Pile-2, we follow Azerbayev et al. (2023) to use an
arXiv:Web:Code ratio of 2:4:1.

.

2.2.1. Training Setting

We apply math training to a general pre-trained language model with 1.3B parameters, which
shares the same framework as the DeepSeek LLMs (DeepSeek-Al, 2024), denoted as DeepSeek-
LLM 1.3B. We separately train a model on each mathematical corpus for 150B tokens. All
experiments are conducted using the efficient and light-weight HAI-LLM (High-flyer, 2023)
training framework. Following the training practice of DeepSeek LLMs, we use the AdamW
optimizer (Loshchilov and Hutter, 2017) with g1 = 0.9, B2 = 0.95, and weight_decay = 0.1, along
with a multi-step learning rate schedule where the learning rate reaches the peak after 2,000
warmup steps, decreases to its 31.6% after 80% of the training process, and further decreases to
10.0% of the peak after 90% of the training process. We set the maximum value of learning rate
to 5.3e-4, and use a batch size of 4M tokens with a 4K context length.

English Benchmarks Chinese Benchmarks
Math Corpus Size
MMLU Gaokao  Gaokao
GSMSK MATH OCW SAT STEM CMATH MathCloze MathQA
No Math Training N/A  29% 30% 29% 156% 195% 12.3% 0.8% 17.9%
MathPile 8.9B 27%  33% 22% 125% 157% 12% 0.0% 2.8%
OpenWebMath 13.6B  115% 89% 3.7% 31.3% 29.6% 16.8% 0.0% 14.2%
Proof-Pile-2 519B 143% 112% 3.7% 43.8% 29.2% 19.9% 5.1% 11.7%

DeepSeekMath Corpus 120.2B  23.8% 13.6% 4.8% 56.3% 33.1% 41.5% 5.9% 23.6%

Table 1 | Performance of DeepSeek-LLM 1.3B trained on different mathematical corpora, evalu-
ated using few-shot chain-of-thought prompting. Corpus sizes are calculated using our tokenizer
with a vocabulary size of 100K.

2.2.2. Evaluation Results

The DeepSeekMath Corpus is of high quality, covers multilingual mathematical content, and
is the largest in size.

* High-quality: We evaluate downstream performance on 8 mathematical benchmarks using
few-shot chain-of-thought prompting Wei et al. (2022). As shown in Table 1, there is a clear
performance lead of the model trained on the DeepSeekMath Corpus. Figure 3 shows that
the model trained on the DeepSeekMath Corpus demonstrates better performance than
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DeepSeek-OCR 2
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DeepSeek-OCR 2
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DeepSeek-OCR 2
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- OmniDocBench v1.5D0{| A{ 2|
-DeepSeek-OCR 2= A|Z EZ O &F

ENe] PSS
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Model V-token™™ | |Overall T|Text™ | Formula®" 7 Table" 1 Table*”% 1 R-order" 1
Pipline
Marker-1.8.2 [1] - 71.30 0.206 76.66 57.88 71.17 0.250
MinerU2-pp [45] - 71.51 0.209 76.55 70.90 79.11 0.225
Dolphin [17] - 74.67 0.125 67.85 68.70 77.77 0.124
Dolphin-1.5 [17] - 83.21 0.092 80.78 78.06 84.10 0.080
PP-StructureV3 [13] - 86.73 0.073 85.79 81.68 89.48 0.073
MonkeyOCR-pro-1.2B [23] - 86.96 0.084 85.02 84.24 89.02 0.130
MonkeyOCR-3B [23] - 87.13 0.075 87.45 81.39 85.92 0.129
MonkeyOCR-pro-3B [23] - 88.85 0.075 87.25 86.78 90.63 0.128
MinerU?2.5 [45] - 90.67 0.047 88.46 88.22 92.38 0.044
PaddleOCR-VL [12] - 92.86 0.035 91.22 90.89 94.76 0.043
End-to-end Model
OCRFlux [4] >6000 74.82 0.193 68.03 75.75 80.23 0.202
GPT-4o [33] } 7502 | 0217 79.70 67.07 76.09 0.148
InternVL3 [55] >7000 80.33 0.131 83.42 70.64 77.74 0.113
POINTS-Reader [31] >6000 80.98 0.134 79.20 77.13 81.66 0.145
olmOCR [36] >6000 81.79 0.096 86.04 68.92 74.77 0.121
InternVL3.5-241B [49] >7000 82.67 0.142 87.23 75.00 81.28 0.125
MinerU2-VLM [45] >7000 85.56 0.078 80.95 83.54 87.66 0.086
Nanonets-OCR-s [2] >7000 85.59 0.093 85.90 80.14 85.57 0.108
Qwen2.5-VL-72B [9] >6000 87.02 0.094 88.27 82.15 86.22 0.102
Gemini-2.5 Pro|[6] - 88.03 0.075 85.82 85.71 90.29 0.097
dots.ocr [39] >6000 88.41 0.048 83.22 86.78 90.62 0.053
OCRVerse [3] >6000 88.56 0.058 86.91 84.55 88.45 0.071
Qwen3-VL-235B [8] >6000 89.15 0.069 88.14 86.21 90.55 0.068
DeepSeek-OCR (9-crops) 1156 87.36 0.073 84.14 85.25 89.01 0.085
DeepSeek-OCR 2 1120 91.09 0.048 90.31 87.75 92.06 0.057
1 36 7373 | | 0.025 T6.17 T25 T3.05 1 0.028
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Appendix. Edit Distance

. . /e
e Edit Distance : 2 =4t 28 =& 7t
ED(r, p) = Levenshtein(r, p)
7|
o
EDqataset = Nz ED(r, p:)
i=1

r: reference(3 &) A8 (E&=
p: predicted( 2 & %Eﬁ:‘) = A

Levenshtein(r,p): r= p= HH = G| 22 &[4 HE AMG Y- AHA-
*ED 42 00| M O] 2= L2, 00| 7HtE=

FLHE o|0l(=M 277t 28).
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Ol At =& JAVA|/ K2 2l =0 "zt =l 4f
Levenshtein
[ |al if |b| = 0,
b| if |a| = 0,
lev (ta,il(a),ta.il(b)) if head(a) = head(d),
lev(a, b) :
lev (tail(a), b)
1+ min } lev (a, tail(b)) otherwise
\ lev ( tail(a), tail(b))
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