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Preliminary Method Experiments Conclusion
o Pretraining
o YHtHOl Language Modeling 3 & &
© Math Domain Pretraining
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eekMath Training Pipeline

o Pretraining (General + Math Domain)

. . AL . English Benchmarks Chinese Benchmarks
o High Quality AP st HO[HA! 1= (Table 1) Math Corpus Size .
GSMSK MATH OCW SAT LY cpparpy | (Gaokao - Gaokao
— A= _*_ o [ )
o CIYSH =3t HIX|OIFM =22 M52 2HA (Table 2) STEM MathCloze MathQA
o XFEO1 O|'5H %@! Q:!Al —7||_<——J|\—_CII3_|' g%% ':E“g (Table 4) No Math Training N/A  29% 3.0% 29% 15.6% 19.5% 12.3% 0.8% 17.9%
MathPile 8.9B 27%  33% 22% 125% 157%  1.2% 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 14.3% 11.2% 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%
English Benchmarks Chinese Benchmarks
Model Size MMLU Gaokao  Gaokao Table 1 | Performance of DeepSeek-LLM 1.3B trained on different mathematical corpora, evalu-
GSM8K MATH OCW SAT STEM CMATH MathCloze MathQA at?d using few-shot Fham-af—thought prompting. Corpus sizes are calculated using our tokenizer
with a vocabulary size of 100K.
Closed-Source Base Model
Minerva 7B 16.2% 14.1% 7.7% - 35.6% - - -
Minerva 62B  524% 27.6% 12.0% - 53.9% - - - Model Size MMLU BBH HumanEval (Pass@l) MBPP (Pass@1)
Minerva 540B 58.8% 33.6% 17.6% - 63.9% - - - -
Mistral 7B 62.4% 55.7% 28.0% 41.4%
Open-Source Base Model :
DeepSeek-Coder-Base-v1.5" 7B 42.9% 42.9% 40.2% 52.6%
Mistral 7B 403% 14.3% 9.2% 719% 51.1% 44.9% 5.1% 23.4% DeepSeek-Coder-Base-vl.5 7B  49.1% 55.2% 43.2% 60.4%
Llemma 7B 374% 18.1% 6.3% 594% 43.1%  43.4% 11.9% 23.6% DeepSeekMath-Base 7B 54.9% 59.5% 40.9% 52.6%
Llemma 34B  54.0% 253% 10.3% 719% 529% 56.1% 11.9% 26.2%

DeepSeekMath-Base 7B 64.2% 36.2% 15.4% 84.4% 56.5% 71.7% 20.3% 35.3% Table 4 | Evaluation on natural language understanding, reasoning, and code benchmarks.
DeepSeek-Coder-Base-v1.5" is the checkpoint right before learning rate decay, which is used to
Table 2 | Comparisons between DeepSeekMath-Base 7B and strong base models on English and ~ train DeepSeekMath-Base. On MMLU and BBH, we use few-shot chain-of-thought prompting.
Chinese mathematical benchmarks. Models are evaluated with chain-of-thought prompting. On HumanEval and MBPF, we evaluate model performance under the zero-shot setting and a
Minerva results are quoted from Lewkowycz et al. (2022a). few-shot setting, respectively.
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Introduction Preliminary Method

o Policy Optimization in LLM
o Definition

7 : Policy (LLM)

s, : State (Input prompt + X|27HX| 443t token)

a, : Action (CH= token 4 d)

A4;, : Advantage (Action0i| CH2H 27 El reward)

t; or 0; : Episode or Trajectory (‘“d &l output sequence)
r,: Reward (B & or M2k &)

Experiments Conclusion 5
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o Weakness of PPO

Ay =8+ YD)y + -+ AT 16,4
O =|r |+ VIV(St+1) =V (s¢)

reward Value Model

o Value Model2| Z g/

- PPO % 7|&E9| RL Y ZE2 Policy Modeldl Value ModelO| Z 2%t
- Policy Model = &H| &&3t0X} St= 2 &

- Value Model = Policy &2l st50f| Eash EX 2 (Advantage At
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o GRPO
o Value Model X7

o Sampling® groupl| B# E+F baseline2 E A&
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Figure 4 | Demonstration of PPO and our GRPO. GRPO foregoes the value model, instead
estimating the baseline from group scores, significantly reducing training resources.
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o GRPO

o Sampling multiple outputs

- StLEQ| inputOf| CHSHA 2] output

- Group = 57 = X0f Cigt N7 outputl| Tt

Question: Weng earns $12 an
hour for babysitting. Yesterday,
she just did 50 minutes of
babysitting. How much did she
earn?

S AH A
= oo

4 trajectories

/

Think: 50 minutes is 0.5 hours. So,
0.5 hours * 12 $/hours = 6%
Answer: 6$

LLM
(Policy Model)

Think: 50 minutes is 5/6 hours. So,
(5/6) * 12 = 10
Answer: 10%

Think: Weng did 50 minutes of
babysitting. So, 50 * 12 = 600
Answer: 600%

Trajectory Sampling

Think: Weng earns $0.2 an minutes
for babysitting. So, 50 * 0.2 = 10
Answer: 10$
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o GRPO

o Calculate Advantage

_ 7ﬁ|‘ TrajectoryO‘" EH_Q' Rewardg 7:”Al—|-

- Group Y rewardE 7|Bt2 = Advantage A4t (group LH reward 12} App =T = std(r)
Think: 50 minutes is 0.5 hours. So,
0.5 hours * 12 $/hours = 6$ 7o = 0 — — Ay, =-—1
Answer: 6% '
Think: 50 minutes is 5/6 hours. So,
(5/6) * 12 = 10 n=1 — — A, =1

Answer: 10$ mean(r) = 0.5

Think: Weng did 50 minutes of std(r) = 0.5

babysitting. So, 50 * 12 = 600 =0 — — A, =-1
Answer: 600%

Think: Weng earns $0.2 an minutes
for babysitting. So, 50 * 0.2 = 10 r3 =1 — — A3, =1
Answer: 10% Cre=zoma
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o GRPO

o Objective Function

- PPOO|AM AEgt Cllppmg + min g +EE A8
- KL divergence term= reward2t £
- InstructGPT & YEHE 22 | LM2| PPOY|A rewardd| KL divergence term= 7t

- Reward 5|gnal o=

PPO2| 22X &t4=9t 52 (Advantage AlAH0| CIHE)

1 . ~ . A
Jderro = IFq~P(Q),{0i}i5=1~neold(0|q)IEZ T~ min[r;(6)A;, clip(r:(0),1 —€,1 + E)Ai,t]l_ LDk, [7T9||7Tref]}
B2 q0f ChsHA B _ Unbiased KL divergence estimator (Schulman, 2020)

output group O2 MEY (G7H)

- unbiased / positive / low variance

. 7; — mean(r)
where A;. =1; = std(r)

. T[ref (Oi,t|Qr 0i,<t) 1o T[ref (Oi,t|Qr 0i,<t)

—1
g (Oi,t | q, Oi,<t) Ty (Oi,t |Q» Oi,<t)
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o Dataset

o SFT
- GSMS8K + MATH (en) / Chinese K-12 (ch)

o RL
- Policy Model: GSM8K and MATH
- Reward Model: (Wang et al,, 2023)
o Model
0 DeepSeekMath-Instruct 7B, DeepSeekMath-Instruct 1.3B

o Hyperparameters
0 General hyperparameters

- Learning rate: 1e-6 / max_length: 1024 / training batch size: 1024

o0 GRPO hyperparameters
- 64 samples / KL coefficient g: 0.04

Experiments

Conclusion

11
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o Mathematical reasoning under different training settings

Code vs Normal Text

Training method

- . Training Tokens w /o Tool Use w/ Tool Use
Training Setting
General Code Math GSMS8K MATH CMATH GSM8K+Python MATH+Python
No Continual Training - - - 29%  3.0%  12.3% 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% 144%  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% 19.7% 13.5%

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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_ Math Training Affects Model Capability

o Language understanding, reasoning, coding under different training settings

Training Tokens

Training Setting MMLU BBH HumanEval (Pass@1) MBPP (Pass@1)
General Code Math
No Continual Training — - — 24.5% 28.1% 12.2% 13.0%
Two-Stage Training
Code vs Normal Text  Stage 1: General Training 400B - - 25.9% 27.7% 15.2% 13.6%
Stage 2: Math Training — - 150B 33.1% 32.7% 12.8% 13.2%
Stage 1: Code Training — 400B - 25.0% 31.5% 25.0% 40.0% Effect of Code data
Stage 2: Math Training — — 150B  36.2% 35.3% 12.2% 17.0%
One-Stage Training
Math Training — - 150B 32.3% 32.5% 11.6% 13.2%
Training method - ¢ de & Math Mixed Training — 400B 150B 33.5% 35.6% 29.3% 39.4%

Table 7 | Investigation of how different settings of code and math training affect model perfor-
mance of language understanding, reasoning, and coding. We experiment with DeepSeek-LLM
1.3B. We evaluate the models on MMLU and BBH using few-shot chain-of-thought prompting.
On HumanEval and MBPP, we conduct zero-shot and few-shot evaluations, respectively.
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_nce of Open- and Closed-Source models

. English Benchmarks Chinese Benchmarks

: : Model Siz
o Chain-of-Thought (CoT) Reasoning CSMEK  MATHL MGSMah CMATH
O Reasoning + Answer Chain-of-Thought Reasoning
Closed-Source Model
P Gemini Ultra - 94.4% 53.2% - -
o) -

Tool-Integrated Reasoning ey iy - S0,

o Using Tool ex) python interpreter Inflection-2 - 81.4% 34.8% - -
GPT-3.5 - 80.8% 34.1% - 73.8%

Gemini Pro - 86.5% 32.6% - -

Grok-1 - 62.9% 23.9% - -

. English Benchmarks Chinese Benchmarks Baichuan-3 - 88.2% 49.2% - -

Model Size GLM-4 - sT6%  47.9% . .

GSMBK MATH MGSM-zh CMATH ' '
- Open-Source Model
Tool-Integrated Reasoning

InternL M2-Math 20B  82.6% 37.7% - -

Closed-Source Model Q"t’en 72B  78.9% 35.29%, _ _

GPT-4 Code Interpreter - 97.0% 69.7% - - Math-Shepherd-Mistral 7B 84.1% 33.0% - -

Open-Source Model WizardMath-v1.1 7B 83.2% 33.0% - -
P DeepSeek-LLM-Chat 67B  84.1% 32.6% 74.0% 80.3%
InternLM2-Math 20B  80.7% 54.3% - - MetaMath 70B  82.3% 26.6% 66.4% 70.9%

DeepSeek-LLM-Chat 67B  86.7% 51.1% 76.4% 85.4%  SeaLLM-v2 7B 78.2% 27.5% 64.8% -

ToRA 34B  80.7% 50.8% 41.2% 534%  ChatGLM3 6B 72.3% 25.7% - -
MAmmoTH 70B  76.9% 41.8% - - WizardMath-v1.0 70B  81.6% 22.7% 64.8% 65.4%

DeepSeekMath-Instruct 7B 83.7% 57.4% 72.0% 843%  DeepSeekMath-Instruct 7B 82.9% 46.8% 73.2% 84.6%
DeepSeekMath-RL 7B 86.7% 58.8% 78.4% 87.6% DeepSeekMath-RL 7B 88.2% 51.7% 79.6% 88.8%
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o Rejection Sampling Fine-tuning (RFT

)
o 042 output= M0, HE Q! trajectory?t stE (EE A|ZA 7B K| = 0)

o OS (only &) vs PS (E0| 1)
0 PS7} step-wiseZ rewardE A 4FSH7| M0 O F2|0|gt b5 signal& M& (credit assignment)

o Offline (1™ El ME) vs Online ﬂH"" MET)

o Online RLO| ®iXf| 228 ZZ0M dES 4IoEE [ 72|02t &5 signal XM& (Reward 22 HA[ FHO[E E8 Figure 6)
—— RFT ——— Online RFT —— GRPO+OS —— GRPO+PS —— lteration-0 = Iteration-1 —— lteration-2
GSMBK MATH GSMBK MATH
66 89 A 5 A
A A/\//\’\A'v 30 A[\ A 88 A\ A/N .A/‘ M W-
U W A aY
“ Vi / L"’A R ; SWAINVY ] Y
< CNAS W | 2o wied S O S
& 62 V VY| S V v 86 N - b
” WAY - A g 1 VMV 5 A
2 60 A A V‘V‘VA\/‘ NS :E 28 v \_JM A A‘V < 85 < » / N
TNV VW T ul / “| g
27 , 83 4T 17
56 0 1300 2300 3300 4300 5300 0 1300 2300 3300 4300 35300
0 2000 4§(t)(e)ps 6000 8000 0 2000 4;(:2138 6000 8000 Steps Steps

Figure 6 | Performance of iterative reinforcement learning with DeepSeekMath-Instruct 7B on
Figure 5 | Performance of the DeepSeekMath-Instruct 1.3B model, which was further trained 1, benchmarks.
=z

using various methods, on two benchmarks.
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Ranking A Ranking B

o Pass@K vs Maj@K Maj@3 = Maj@3 =

Maj@6 = Maj@6 = 1
o0 Pass@K: K70 2| output S0{A FEHO| A=7}? oo .
o Maj@K: K7H2| output & 0i|A Majorityet EO| FEQI7t? B '
—— Maj@K-Instruct ——— Maj@K-RL Pass@K-Instruct Pass@K-RL E E -
GSMB8K MATH § B
98 85 / :
o — 80 - | !
—— ~ ! :
/ 75 / ! :
e i | :
Sy : :
Qg 65 11— = eeemmmeeeeeeee- -
g < 60 /7 — <AMaj@KQ| °|0]>
50 — N
’_,/45— \\__l AMaj@K
T _y MCOIEQ| Lo oIC
Pass@10{| A RL > SFT 2 16 3 P { 1 S 16 3 o > AEHE0| =2 rank0] AUACH
=> JEol #EZ 2ECt K: The number of candidates K: The number of candidates

Figure 7 | The Maj@K and Pass@K of SFT and RL DeepSeekMath 7B on GSM8K and MATH
(temperature 0.7). It was noted that RL enhances Maj@K but not Pass@K. ¢SM
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_n

o Code + Math Domain0f|A{Q] A}HEHES EQ M

o GRPO ¥112|SS H|t
o PPO2| Value 2& H|A
o 0{2f output= Samplingdtd Group 7+d, & W 2|[HES E1t2totd AdvantageZ ArE

o ZEFBEO i3 £
O RFT vs GRPO : S 2 A|EX0| Offet =2tE H42 fold|ot d& &y
o RL2 Mass Reallocation@ 2 & == QC}
o Online RL > Offline RL : & X Mo = ZZ2t 2|/EE
o 7sSHH Process TH22| RewardE A A
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Thank you

Dooyoung Kim
(kdysunleo98@gmail.com)

n|EM https://forms.gle/PAmxLQnRBZVhAMaw8

https://forms.gle/LtvyMJ7BFwMKpW1tz8

https://docs.google.com/spreadsheets/d/1uWycOpUfQOwTTZUDyY3gxImU5xcFro90kKJKOcDitnk/edit?usp=sharing
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