2025-01-31

KA

Al o] CHSt Cia D=l @2 SK 5 H E|NK|ME]

DeepSeek, A{H|&, 114s Al 2 U W3 HA|

Analyst T2 DeepSeck = R1FE 2 EAIE Tl A{HIE, 1ds Al ZHO| &
dyryed P2 MA[MCED TSI R1 22 DeepSeek-V3 & 7|HHOR SHH, A|= O
L eertsey 01 A 20 919 CoT (Chain of Thought)S 534 AAIe! 52 5
\E1/ 3773-8826 22 ZePt R1-Zero & EMES Cold start data & S 2H41%H ZHOICE R1
9| MA| m2}0|E] 2= 671B 7HOILE, MoE (Mixure of Expert)E &0t A4l 243t
- m2|0|E| & 37B 0ol 21kSICE Artificial Analysis Ol IH2™ DeepSeek-R12
Cloclls] 7 28 CHH| Quality ETIME 2R, E2 7f—. FHOJME FoIH
= FO|2h= HollM &2 JHdH| 202ty HIotg 4 QICt Ln2|EE FoF Al s
Ao | T A AIAOIES R4 BES BeAPIE 22718 Aoz sieporct
\ 5;2\ 37778884 = - ox= = A o

DS

52 B TiSlet ot Y Ol B WY A4

]

a
UNB|S UHS SO Al A5 NTOIT &S HEE TQje} 2ot Y Jj oY

o HRYE R&E Aoz HYSITt DeepSeek-R1 2| Cold start ©ff &
data set & ZEE[0jZ 2EOA HIZRE|OH, 0= DeepSeek-R1 =z0llA 2

oo 2 32 B2 =2 HRTY IIQE J|Ho= o Ao ZetnEs Qs
o ZAA, 21 Intelligence Al ZEH 7|8 2=} | arge-scale @ 2%t Olg

off 7|¢5tEE SESofof| TR AYQ| @21 Chas RPYE|HQUCEL THERHTL,

FE N9t HOI8k= Scaling tHAIQ| |4 Test-time scaling
SK 3H2 Test-time scaling = &% Scaling HA9| A& MY} SHERO
THOIM I 520 A2 HRT DI M2 T2 Incentive Al& oF0|H, of
= 7|E A9 PHAITD HTOIRICH= ©E ZeHoHH, AMH| ZH B2 Scaling
HAZ R[HA ae' 4 Qe B0l g Aoz TR | tiFEolCt CES2025 Keynote
==, OpenAl GA| o1 2 B8 O B2 &
foff 2 —’.\—i DHO| YL FOITICED AEst QUL

AMu|g 1S Al BHO| OiFE= AY £28 O £TAE A
Mulg g Al REO| tHE= Al off CHPF AR 8
SILH 2 WOo=E TRYPICE EDE O ol o ZREe| 2H 3 FES Q
Custom HBM & Z|HMg} H|Z2| 0 HA| WFY Jdo|ct Al F7 d=t A&z A
B2 2 2PFolMO| HRT TR AILQ| ke 2 oTSICt D THERoITE

TEA| FFOf Chol HITUCH o|A2 JAITIC,

= TT



OpenAl-ol-mini DeepSeek-V3

DeepSeek-R1-32B

OpenAl-01-1217

##i DeepSeek-R1

DeepSeek-R12| Benchmark performance Hlit

SKS A MR M

416 420

%

6B
SWE-bench Verified

9.2 455

BE.5

- 3
A 2
=

R

g

3 2

T

=

=z

- E

d a

:

EN NN

m

2 o
H

= - 3

—— s

i o

=

[=]

80

=1
=] = &

100

(%) aIuarIag / ADRINIdY

{Resalved )

PRICE

{Pass@l)

{Pass@l)

Avrtificial Analysis Index (Price)

ALZ: Artificial Analysis, SK 5H

{Pass@l)

{Percentile}
Higher i

ex,

QUALITY

{Pass@1)
L=

Artificial Analysis Index (Quality)
At2: Artificial Analysis, SK 5H

At2: DeepSeek-R1, SK



SKS & E[MA[ME
I
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Training Costs ‘ Pre-Training  Context Extension  Post-Training ‘ Total
in H800 GPU Hours 2664K 119K 5K 2788K
in USD $5.328M $0.238M $0.01IM $5.576M

Lastly, we emphasize again the economical training costs of DeepSeek-V3, summarized in
Table[T] achieved through our optimized co-design of algorithms, frameworks, and hardware.
During the pre-training stage, training DeepSeek-V3 on each trillion tokens requires only 180K
H800 GPU hours, i.e., 3.7 days on our cluster with 2048 H800 GP'Us. Consequently, our pre-
training stage is completed in less than two months and costs 2664K GPU hours. Combined
with 119K GPU hours for the context length extension and 5K GPU hours for post-training,
DeepSeek-V3 costs only 2.788M GPU hours for its full training. Assuming the rental price of
the H800 GPU is $2 per GPU hour, our total training costs amount to only $5.576M. Note that
the aforementioned costs include only the official training of DeepSeek-V3, excluding the costs
associated with prior research and ablation experiments on architectures, algorithms, or data.

AtE: DeepSeek-V3, SKZH

DeepSeek, F2 HFT THAQt =10 ALl 7|5 2Hoj| LY LR g

AIME 2024 MATH-500 GPQA Diamond LiveCodeBench

Model pass@l cons@64 pass@1 pass@1 pass@1
QwQ-32B-Preview 50.0 60.0 90.6 54.5 419
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.

RL training, achieves performance on par with QwQ-32B-Preview. However, DeepSeek-R1-
Distill-QOwen-32B, which is distilled from DeepSeek-R1, pertorms significantly better than

DeepSeek-R1-Zero-Qwen-32B across all benchmarks.

Therefore, we can draw two conclusions: First, distilling more powerful models into smaller
ones yields excellent results, whereas smaller models relying on the large-scale RL mentioned in
this paper require enormous computational power and may not even achieve the performance
of distillation. Second, while distillation strategies are both economical and effective, advancing
beyond the boundaries of intelligence may still require more powerful base models and larger-
scale reinforcement learning,

A& DeepSeek-R1, SK 5H
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