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scaling laws. Moreover, these studies often lacked a complete description of hyperparameter settings, leaving it
uncertain whether models under different ¢ performance. Therefore, we revisit

scaling laws in this section to address these n the right path to efficiently scale—

up compute, which reflects the long-term pe continuously improving models.
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To ensur] \dels under different com %, E% performance, we first studied the
scaling \a.af e bacameters. Empirically, LAMNY / mal values of most parameters dur-

ing training do not change when Varyiag_compute budgets. Therefore, these pg
outlined in Section 2.3 and remain unchanged atre

gsistent with those
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Figure3: Simplified illustration of Multi-Head Attention (MHA), Grouped-Query Attention (GQA), Multi-Query
Attention (MQA), and Multi-head Latent Attention (MLA). Through jointly compressing the keys and values into a latent
vector, MLA significantly reduces the KV cache during inference.
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tive for stronger performance. We pre-train DeepSeek-V3 on 14.8 rilion diverse and high-quaity tokens, followed by
Supervised Fine-Tuning and Reinforcement Learning stages to fully harness its ilities. Comprehensive s

reveal that DeepSeek-V3 outperforms other open-source models and achieves performance comparable to leading
closed-source models. Despite its excellent performance, DeepSeek-V3 requires only 2.788M H800 GPU hours for its full
training. In addition, its training process is remarkably stable. Throughout the entire training process, we did not, ri-

ence any irrecoverable loss spikes or perform any rollbacks. The model checkpoints are avail at
https://github.com -ai/D -v3.
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model learns to rethink using 4n anthropomorphic tone. Tl _] ‘ a,’ taha moment
allowing us to witnesp the power and beauty c/~g~forcem~‘~arning.

Question: If a > 1, then thelsum of the real solu;

Response: <think>

| 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:
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Figure 4 | Core architectures of HCA. It performs heavier compression, where the KV entries of
architectures of { ' (3 m) tokens will be consolidated into one. Also, we additionally introduce a small set of

Acen
0stsecshe - then applics Decpseek Sparse A liding window KV entries to enhance local fine-grained dependencies.
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3.3 Muon 4L %

V3 A AdamW,V4 & K3 o833 B Muon—— —AF 46 [ 84010 3%, @ & F M-A4F R %
(Newton—Schulz) # X, 3¢ £ 4 45 MK E A X 237, AL bk D% 245, ﬂ-ﬁ& ¢, & :momentum
0.95. weight decay 0.1, F¥AF £H4EH 4 RMS 47 % 0.18 A4 A AdamW % 5 £, T4+ F
% hybrid ZeRO 4k 5 BF16 # E R ¥ (#FL §4.3), HRIEZALT o

3.4 Hibmy

= KA1 F VL B V3 ERMT E T e A EMoE ¥ F A &M Sigmoid # A
Sqrt(Softplus); Xk d B A&7 S 424 R FF 3% 3 547 LR AL F I 4z E; w7 LA Trans-
former block ##8% FFN # %A 7 Hash routing 4 MoE (44 X token ID #9947 % %74 & B 47
+R, AEREBF ), 5 RA auxiliary-loss-free §i &M, 54 AR 2 5 7| B3 4 loss By ik /531
M AR 3% T 3 47
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¥ AEH . £ DeepSeek-V3 M 4542 L VAMBET E 54, I35 M5 L TXE KGN %
&4t (Flash 32T / Pro 33T tokens)[1]. W 7 448 5561 )% Kok, B kb2 A 30 £ & 5 ERAL A
BVAGARAE R %5 K Py 85 5 AR B4R A4S, St 2D AL 5] N agentic #3572 L A2 4
71 3BT EAT K, UE A K EIR; FARIARIAE—HF R BAREFELA
2 KA M, 39 FARH 128K, 4K V3 89 token 3145 Fill-in-Middle(FIM) ., 5 R 4 A
BE TS A,

HMABRE ., BAEA P RA CSA/HCA L84 B ,CSA JE4% & m=4, HCA &% & m/=128, /&
ME R A 128, & 3 ILE KL ALK

& 3: V4-Flash & V4-Pro ¥4 %4 &4 [1]

EE3 Flash Pro
Transformer & # 43 61
[ &2 E d 4096 7168
CSA JE% % m / HCA m/ 4 /128 4 /128
A E top-k 912 1024
query sk # 64 128
head % B 512 512
query JE 4 45 B 1024 1536
#rh & ﬁﬁg 8 16
¥+ R4 (FF token #iE 6) 256 384
R P A R 2048 3072
mHC ¥ & B F np. / Sinkhorn #4X, 4 /20 4 /20
BBE ) WIESHK 284B / 13B 1.6T / 49B

WA E. KRARASKME: KHH»54A Muon(momentum 0.95. weight decay 0.1, &
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#FH4EM RMS 4% 0.18 L E A AdamW % 3 %) embedding. A k5 RMSNorm M & H
AdamW(3,=0.9, ($,=0.95, ¢=10"20), Flash % X batch 75.5M. #4{f 5 3 % 2.7x10"%Pro & X
batch 94.4M. M55 3 % 2.0x107%, HE ¥ KA 2000 ¥ L% warmup + cosine i, /75K &
W 4K 2 ¥ H &%) 16K, 64K A % 1M, =& H#HHHIE—F 542 77 1T tokens }ﬂ?ﬁ)‘]ﬁ"‘}i%i]
T, £ 64K 57 KT AR IE & A, 53F CSA ¢ Lightning indexer #4a H-&

Y 4FE B . FTALHEH MoE | %448 % & 3 loss spike; # X443 )2 A F MoE &+ éﬁ ,ajf%{ﬁ, H
vl UH] 2 KIZ P A . IR A AT R

« Anticipatory Routing(aT#¥%-d): M8 FTREAE5BINEYRE T EH—F t T L7
BT AR, 123 h R B XA Orne RATIT IS A BRI, B TR L
25 20%, AALLE @ sh# M| 3] loss spike Bf Ak R 52 WA B R, MG B IR F A %,

o SwiGLU Clamping: ¥ SwiGLU # &4 5= #47 3] [—10,10],gate 5= L% 4 10, £ R
W KNMEAE A9 AT I T R E 4] B AR

4.2 E % BB X

5 V3.2 4k, BINSAE LR FEGETZ: FR4AS RL & &K% 4 On-Policy Distilla-
tion(OPD) (1],

B —: AR EF RN %o 4. RAD. Agent. 3548 78 5408 5 5 $47 SFT + 43 GRPO,
REFLER, &5

o = A%3i3E A% X:Non-think / Think High / Think Max, & <think> #FiTH& R R ¢ KEE 5
L+ FXF 2 %2 39; Think Max 4 X /& system prompt 2N & KIEFIEE. B LA FI545

o ARXEHEA (GRM): X BIEIEFH AL A AT E L BHEA, @2k actor W& RELY
GRM, ¥3FH] 55 £ R AL /) BLAMAL, IUE V& S ALATE.

o T EHifA schema: ¥ |DSML| 4¥#k token + XML # X8 T B, A 2 V4 Lk ks T LA
jﬂéﬂ 1?‘(0

o 4549 %% (Interleaved Thinking): T HFAAZZF, £8) IM LT X4AE A3REE 7 £
(B R PR EF), g KAE Agent /£ 40915 AR 22, L@ x5 703 & 508 2 4R
HFETXHMA

e Quick Instruction: f£#r \J5 738 ho % F 452k token(de 2 F Ak A48 & & RAFA /query. H|
W AR L), B4 AR et 69 KV cache, # % 7T 4 prefill, 2F K{L 4 token 2R (TTFT),

MrB—: %#J)7 on-policy Zi8. )% % — student # A, I 10 AR B F REIFHAL 25
KL & (X 1); 48 8 T8 3hid R4, H&IE on-policy. 5% JL#9i% token KL 4348 1k, V4 K A
A7 & logit A48, HEAAT IR T, RAEZE S,

Lopp(0) = sz Dxy (o || 78,)- (1)

=1
ﬁe”%ﬁ%zﬁﬁw”%&&4iMTﬁﬁ% FUBLE AL 95 2 30 . KA. Agent % 5 A
B F) AR H R L A
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4.3 HErhi%k

A g+ R4 (EP). MoE & 4 # Dispatch(i@4Z). Linear-1(3+ ). Linear-2(3t ).
Combine(i#13) WA, B EARNBERZEH KD THERFK. V4 &Kk wave iR, #
R F T —Kk token fE#r. TRARIKL REEZH R mAL IR KE (BB ik 1.92%), &
NVIDIA GPU L4 7 NPU b sz i@ B 43 Aeig 1.50-1.73x RL rollout 3 RE B F RS
1.96 x;CUDA mega-kernel & 24 MegaMoE JFJ& 7 N\ DeepGEMM. & S 3E sk 28 4 30 /i@
fzrhik C/B < 2d=6144 FLOPs/Byte J&, # % 7 B £, B 5 HF T A 8.

TileLang DSL., F4u3% Hi&F TileLang % k4 kernel, %X %5 /> Torch ATen ¥ F.
#4842 Host Codegen #5474 3045 i Python ATHAZ, kBRI TH45 NE B HMAY 4 E
< lps; % 73 SMT RKig SMH KACER AT (B W NEF R DRSAT), ABA B4 FTF
ARt E A E AL 7, BRIA £ fast-math. 3+ % CUDA T B 4%, 23454 (bitwise) 7T £ 3.

Batch-invariant #4 &% kernel. A4&RiE/EE token #9#r 4 5 E & batch #8942 E L X (35T
W) J6 D 45 ) B RAL 3T ), iE & WA R A S kernel 5 HL# wave-quantization; 454 f 4 & %
# A DeepGEMM 37 A split-ko BAR#H @ tk: i & H BAE A HA SM 5 Bik 2 R % B AR
2k K F MoE B AE L token HE A F AL 32 5 % rank 4218 3 mHC 6946 % 545 6 %0k & split
B2,

Y HIER

e Muon 3% 3:Muon & &7 ¥4 E4EE, 54 4% ZeRO 255 K P %;V4 KA RA ZeRO
bucket 2 B——H8 % LB @ F B B o B P4 47 MoE A3 F R EFH5 X,
F 4 B IR B AFH A2 4T Newton—Schulz #4X,; #) F) BF16 T Newton—Schulz 1344 &
BT, VARALE AHF MoE 4% & 17 ¥ /& 45 2] BF16, @4z 2 BF.

» mHC ¥4 %30 #4 kernel + SR EH (THEARRAE SR, 128 & F 3
B EBA)+ A% DualPipe 1F1B £ &, 4 mHC #) wall-time FF4540 & & &7 K& H-F 89
6.7%.

o LT XH4T (CP): A2t E%EFEH 63 H-RdEfE S HA rank LR m FRIEH KV
£ 4T — rank TR IR 4, F all-gather 237 % KV, & fused select-and-pad &4,

o REHMELE L AT TorchFX 374 H B, FAHFRTEMKE, ERAFHDHNHE T E
HFEFENRA; EHBIHR DA ILNGAZN, BH N BHSI 45 T4

HERAER: F#) KV cache 5# & G4k, RAEEZZTNFESH KRG ZHAN & 769 KV &
B, ik A4 £/ PagedAttention #9318 % . V4 H# KV cache 5 A & 34 23 KV cache(CSA/HCA
J& 4% KV) 5 state cache(7F 31 %G 22 &5 5 K& % B3 token); AN TRy BT KREF3, e Kir
m~ m' 8 RN AMERST . EFEAMLAGF R A KV A48 %R E 4 prefil:CSA/HCA &% KV
BEBRFELEIMSWAKV RRYAESE KV 0 818, RULS 454 [ AhE S /| 458 =
A SR8, A A4k 5 T4 o
VKB T
« FP4 %149 % (QAT): 3 MoE %+ %4 &5 CSA indexer 8 QK %424 FP4 4, index

5% FP32 %% BF16;top-k 3 8 mik 2x HAEH 99.7% 4 KV B w %, FP4-FP8 R %
A (FPS 4 E4AMS3 rk FP4 4 E2M1 % 2 ANFg$4%).
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435k OPD HUF A E: HITAR EZRH5H XG4Tl (ZeRO X4 R), REFHIF RE—
ERIRA . Dt sat &1 49 & logits, # % [V| > 100k 4 logits 2 X % 4; #5307 & 5] HE
Bk R, ARIEHA/ mini-batch £ % —A#IF KR 2 4.

T & 244 rollout:token #i & Write-Ahead Log(WAL) + # & Bb4%4 KV cache, & & it 1
HE % A, Bk ¥ T WAL & 36 prefill BpsT &£ KV cache, # %A KT ARG KE
1 % o

| 7% ETF X RLrollout #4E#H 5 A% ALHES £ per-token FH, R F N G o R B ¥
mini-batch # %, k&K CPU/GPU RN A)% 7).

Agent 4 (DSec): & F 3FS ¢9M A F&, LEBTERKTHZIFLATH, A%i—
Python SDK % %% &8 . &%, microVM. fullVM vg £ #ATHE, B 5 E#HTHEG
55uig g B RS 695 T K.

&SRRl

& 4: IM token ETF XL F 89 % (482 DeepSeek-V3.2)

bl # token # 3 FLOPs KV cache
DeepSeek-V4-Pro 27% 10%
DeepSeek-V4-Flash 10% 7%

#:FPAxFP8 f& % 3T # 4F %18 FLOPs 5 FPS8xFPS8 48, 12 k kA& 4F 36 LT B4 1/3 7.

& 5: 1M & & (V4-Pro-Max)

R R IL

Fn iR SimpleQA / ¥ X SimpleQA 2 %47 & 7 &;MMLU-Pro /
HLE / GPQA /) g4 &7k, %8 Gemini-3.1-Pro

Mg 7% T GPT-5.2. Gemini-3.0-Pro; 33 F GPT-5.4. Gemini-3.1-
Pro, Z/5ai& 4 3-6 A

Agent 5 Kimi-K2.6. GLM-5.1 #-F; A 2R+F0 4k F Claude Sonnet

4.5, # i Opus 4.5
KEFTL IM ETFXHFAEELIT Gemini-3.1-Pro

AR & &, V4-Flash-Base WA £ 69807& /8 AL % Ok L2 mA A V3.2-Base( L AL #

Fsaif 5K LT L);VA-Pro-Base W2 JUFHrA K3 Lit—F BIF £33, & 6 3 %3k Lk

18 13% % 09 %, SimpleQA-verified 5 FACTS Parametric - V4-Pro-Base #8 % V3.2-Base

B FEAE (28.3 = 55.2. 27.1 — 62.6), RELImiRE R 5 F LML 45 LR EIEE,

V4-Flash-Max B 28 HALE ), f5nid X300 7 A IR 55, 12 £ 5 B £ K692 A (thinking

budget) B, FALAE LA AT 5 Pro-Max 48 % [1].
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& 6 BN A b (35 )[1]

XA V3.2-Base V4-Flash-Base V4-Pro-Base
MMLU (5-shot) 87.8 88.7 90.1
MMLU-Pro (5-shot) 65.5 68.3 73.5
C-Eval (5-shot) 90.4 92.1 93.1
SimpleQA-verified (25-shot) 28.3 30.1 55.2
SuperGPQA (5-shot) 45.0 46.5 53.9
FACTS Parametric (25-shot) 27.1 33.9 62.6
HumanEval (Pass@1) 62.8 69.5 76.8
LongBench-V2 (1-shot) 40.2 44.7 51.5
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1. ZEsE: W AN 3)” BREHY. 2026 FHFREFLCRLLELARKER., V4 858
SERAFHFETXTFTHREE A EMALL, 5 test-time scaling #H R EH&—FE FIHK, Z&FESH
T4 AL b 25, EAEE AL E KT,
2. MLA — CSA —pi#aK&, V26 MLA E%” AAkt9 KV7,V4 69 CSA E%” B34 E b
# token”, F]—1F4& KV AR A LR £ E LI,

3. mHC R )% g/l E. © RAERME, ML 16T BEA N F5h, ML R (I
IR BRAT) AT AR R R,

4. FEAl 3-6 NA SRR LFTRIANG. B FHRMRE D W2 ik;DeepSeek 69 £ FALAR £
HE+ TR+ 07

5. OPD #M&i%4 RL 2 —k” MK . 4R 655 ARETRA SRS RL, BFHHK
MAE =R ;0PD A 54 A KA 69 on-policy #Lifk 414 & reverse-KL A48, e Lo H 69+
F it 2h B — S 40= 10, TARNR N by 298 2507 8 & (§4.3) #e-T.
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