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GPT-4 - MoE?

o [loknan NVIDIA Ha GTC. uemess
e (CoOTBETCTBYET paHHUM
criyxam npo:
GPT-4 - 1.8T MoE model
c 16 akcneptamu, 111B
Kaxkabln

2014




Mixture of Experts (MoE)

MOCKOBCKIIL

T'OCYAapCTBEHHBIN
)/ yuuBepcurer

MMMMM M.B.J/lomoHOCOBa

Adaptive Mixtures of Local Experts

e Victokn nogxona B 1991 ropy.

e OpuHakoBbIM input npet B 3 FF
CIosi-3KcnepTa n B poyTep
“Gating Network”.

e Kaxablli akcnepT AomkKeH Obi
oTBeYaTb 3a pasHble
NOAMHOXeCTBa TPEHUPOBOYHOM

Gating

BbI60pKVI, cneunarim3anpydacb Ha Network Network

Network

HUX. T\W

Jacobs R. A. et al. Adaptive mixtures of local experts //Neural computation. — 1991. — T. 3. — Ne. 1. — C. 79-87 .- -

81
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MoE: Sparsity

e LSTM c akcneptamum.
e Wpesa B Conditional computation. .

. [MoE layer N

e Kaxabin “akcnepTt” - "
FeedForward.
e Gating Network oby4aetcs u L )

Figure 1: A Mixture of Experts (MoE) layer embedded within a recurrent language model. In this

OTBEYaEeT 3a BbIDOP SKCNEPTOB.
e Bbibupaetcs Tonbko top-k ety s o e aing oo T Peeorm computations. Thei eupuis e
9KCNEepPTOB KaXXObl TOKEH.

Shazeer N. et al. Outrageously large neural networks: The sparsely-gated mixture-of-experts layer //arXiv preprint arXiv:1701.06538. — 2017. 8
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X->Y. y=) G@ki)
Knaccunueckuin (1994) poyTuHr: Yy Ezj ~

G(x),

Gq(z) = Softmax(z - W)

L Y,

Conditional poyTuHr (nntoc wym):

Figure 1: A Mixture of Experts (MoE) layer embedded within a recurrent language model. In this
G(ZL‘ ) — S Of tmax (K eepTOPK (H (ZIZ’ )7 k)) case, the sparse gating function selects two experts to perform computations. Their outputs are
modulated by the outputs of the gating network.

H(x); = (x - Wy); + StandardNormal() - Softplus((x - Whoise)i)

v if v; is in the top k elements of v.

Kooty = {—oo otherwise.
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Table 2: Results on WMT’ 14 En— Fr newstest2014 (bold values represent best results).

Model Test Test |ops/timenstep Total Training
Perplexity [ BLEU #Parameters Time

MoE with 2048 Experts 2.69 [40.35 85M 8.7B 3 days/64 k40s
MOoE with 2048 Experts (longer training) 2.63 | 40.56 85M 8.7B 6 days/64 k40s
GNMT (Wu et al., 2016) 279 [39.22 214M 278M |6 days/96 k80s
GNMT+RL (Wu et al., 2016) 296 |39.92 214M 278M |6 days/96 k80s
PBMT (Durrani et al., 2014) 37.0

LSTM (6-layer) (Luong et al., 2015b) 31.5

LSTM (6-layer+PosUnk) (Luong et al., 2015b) 331

DeepAtt (Zhou et al., 2016) 377,

DeepAtt+PosUnk (Zhou et al., 2016) 39.2

Table 3: Results on WMT’ 14 En — De newstest2014 (bold values represent best results).

Model Test Test | ops/timestep Total Training
Perplexity | BLEU #Parameters Time

MoE with 2048 Experts 4.64 26.03 85M 8.7B 1 day/64 k40s

GNMT (Wu et al., 2016) 525 2491 214M 278M 1 day/96 k80s

GNMT +RL (Wu et al., 2016) 8.08 24.66 214M 278M 1 day/96 k80s

PBMT (Durrani et al., 2014) 20.7

DeepAtt (Zhou et al., 2016) 20.6

Table 4: Results on the Google Production En— Fr dataset (bold values represent best results).

Model Eval Eval Test Test | ops/timestep Total Training
Perplexity | BLEU | Perplexity | BLEU #Parameters Time

MoE with 2048 Experts 2.60 37.27 2.69 36.57 85M 8.7B 1 day/64 k40s

GNMT (Wu et al., 2016) 2.78 35.80 2.87 35.56 214M 278M 6 days/96 k80s
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MOCKOBCKILIL
rocyAapCTBeHHBI
VHUBEPCUTET
nmeHu M.B.JloMmoHOCOBa

e T5 (encoder-decoder)

e Buibupaetcs 1
aKCnepT.

e BcnomorartenbHbIn
loss Ans kaxnoro
Switch cnos.

[ Add + Normalize

T

Switching FFN Layer

il

Add + Normalize

1

Self-Attention

X

[T

Add + Normalize

:’ [FFN1] FFN2 [FFNS][FFNA] FFN1 || FFN2 | | FFN3 || FFN4 \:
p= 0.6; --------- I" -------- P08
[ Router | [ Router |
o L + J
. ! J
[
—)[ Add + Normalize }1—
Self-Attention
A \
Positional Positional
embedding Ea embedding E?
x1 [T TT x[TTTTT]
More Parameters

Fedus W., Zoph B., Shazeer N. Switch transformers: Scaling to trillion parameter models with simple and efficient sparsity //Journal of Machine Learning

Research. —2022. — T. 23. — Ne. 120. — C. 1-39.
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y

T

[ Add + Normalize

0

{ Feed Forward Layer

T

[ Add + Normalize

)

Switching Self-Attention

f

X

v2[TT]

Add + Normalize ]1—

[ Feed-Forward Layer }

Add + Normalize i(—

T

Self-Attention

FFN1 FFN 2 FFN3 FFN 4

Router

3

Positional E
embedding
x1 [T

More

N
0
& &

1

Sell Anenuon

A

FFN 1 FFN2 FFN 3 FFN 4 :l

p=0.7
‘ Router ‘
e
—_—
Positional
embedding E;
x[TTTTT]
Parameters
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-1.24 -1.21

-1.31 -1.31

-1.4+ 2.5x Speedup 'S

7.0x Speedup >

Neg Log Perplexity
I
o

Neg Log Perplexity
I
(@]

-1.74 -1.71
-1.84 -1.8+
— Switch-Base: 64e ——  Switch-Base: 64e
-1.94 —— T5-Large -1.99f T5-Large
= T5-Base ~ T5-Base
-2.0 T T T T T -2.0 T T T T T T 1
0 1 2 3 4 50 100 150 200 250 300 350
Training Step 1eb Training Time

10



umeHu M.B.lomoHOCcOBa

Switch Transformer: 4TO ny4ywe poyTUTbL? @ yrsepenren

Model Precision Quality Quality Speed
@100k Steps (1) @I16H (1) (ex/sec) (1)
Experts FF float32 -1.548 -1.614 1480
Expert Attention float32 -1.524 -1.606 1330
Expert Attention bfloat16 [diverges] [diverges] —
Experts FF + Attention | float32 -1.513 -1.607 1240
Expert FF + Attention | bfloat16 [diverges] [diverges] -

11



YTO BblyuMBaroT aKCNepTbI?
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Expert specialization Expert position | Routed tokens
Sentinel tokens Layer 1 been <extra_id_4><extra_id_7>floral to
<extra_id_10><extra_id_12><extra_id_15>
<extra_id_17><extra_id_18><extra_id_19>...
Layer 4 <extra_id_0> <extra_id_1><extra_id 2>
<extra_id 4> <extra_id_6><extra_id_7>
<extra_.id_12><extra_id_13> <extra_id_14>...
Layer 6 <extra_id_0> <extra_id_4><extra_id_5>
<extra_id_6><extra_id_7><extra_id_14>
<extra_id_16><extra_id_17><extra_id_18>...
Punctuation Layer 2 O L T )
Layer 6 et &N &, ., extracid 27
Conjunctions and articles Layer 3 The the the the the the the the the The the the
the the the The the the the
Layer 6 a and and and and and and and or and a and .
the the if ? a designed does been is not
Verbs Layer 1 died falling identified fell closed left posted lost felt
left said read miss place struggling falling signed died
falling designed based disagree submitted develop
Visual descriptions Layer 0 her over her know dark upper dark outer
color, spatial position center upper blue inner yellow raw mama
bright bright over open your dark blue
Proper names Layer 1 A Mart Gr Mart Kent Med Cor Tri Ca Mart
R Mart Lorraine Colin Ken Sam Ken Gr Angel A
Dou Now Ga GT Q Ga C Ko C Ko Ga G
Counting and numbers Layer 1 after 37 19. 6. 27 I I Seven 25 4, 54 1 two dead we

written and numerical forms

Some 2012 who we few lower each

Zoph B. et al. St-moe: Designing stable and transferable sparse expert models //arXiv preprint arXiv:2202.08906. — 2022.

12
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Mixtral 8x7B
e 8 akcnepTtos no 7b (B cymme).
e 2 aKTMBHbIX 3a pa3 (K=2).

o WTOro ckopoctb Ha nHepeHce Mitunsiol Expns Loyer
~Kak y 14b mopenewn.
e [nvHa nocneposatenbHocTu: 32Kk.
e MynbTusa3sbIYHaS. sty router (|| Tl
| expert A
13

Jiang A. Q. et al. Mixtral of experts //arXiv preprint arXiv:2401.04088. — 2024.
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LLaMA 2 70B GPT-3.5 Mixtral 8x7B
MMLU
R s S 69.9% 70.0% 70.6%
HellaSwa
e 87.1% 85.5% 86.7%
ARC Challenge 85.1% 85.2% 85.8%
(25-shot)
WinoGrande 83.2% 81.6% 81.2%
(5-shot)
B 49.8% 52.2% 60.7 %
(pass@1)
G;Q‘SM'SK 53.6% 57.1% 58.4%
-shot)
MT Bench
(for Instruct Models) 6.86 8.32 8.30

14



Mixtral 8x7B: cneunanusaumna aKkcnepToB @ sisoportror
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0.20 layer: 0
0.15 —
S T LT T I T
0.05 ’
c 0
-_§ 0.20 layer: 15
Cneumanusaums skcnepTos .. -._ -- i --------- I.“.I‘
S 0.05
No JOMEeHaM He Obina g
g layer: 31
OobOHapyXeHa. o
ol s
0.05
0
Expert ID

. ArXiv . Github . PhilPapers . StackExchange

' DM Mathematics . Gutenberg . PubMed Abstracts . Wikipedia (en)

15
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e KombuHauyma ns Mixture of MLP Experts n r T 2

\V

Mixture of Attention heads.
[M1LP] [MLP [M;P] [MLP]
(

e 24 6noka, 8 aKcnepToB, 2 aKTUBHbIX. - :

e 8 Mnpa NapaMeTpoB B CyMMe, ~2 MIPA
aKTMBHbIX BO BpeMs nHdepeHca. —
e Low Budget: 0.1M gonnapos, 96 H100
GPU cluster B TeueHune 2 Hepernsb.

e 1.3 TPUNNMOHA BbICOKOKAYECTBEHHbIX
TOKEHOB. g )

Layer Norm

16
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Active Training Open LLM Leaderboard GSM

Model Params Tokens MBPP Average ARC Hellaswag MMLU TruthfulQA WinoGrande 8K
Gemma-2B 2B 2T 28.0 464 484 71.8 41.8 331 66.3 16.9
DeepseekMoE- 2.8B 2T 34.0 511 53.2 79.8 46.3 36.1 737 17.3

16B

LLaMA2-7B 7B 2T 20.8 51.0 53.1 78.6 46.9 38.8 74.0 14.5
LLaMA-13B 13B 1T 22.0 514 56.2 80.9 47.7 39.5 76.2 7.6
JetMoE-8B 2.2B 12571, 34.2 53.0 48.7 80.5 49.2 41.7 70.2 27.8

17
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Mixture of Experts: BbiBoAbl

oenHo noaxon CyuwecTByeT AaBHO M MoKasbiBan cebs 4oCcTaTtouHOo
YCMNELLUHO Ha pasHbIX 3Tanax pasBuTuga oTpacrsiu.

[To3BONSAET YCKOPUTL Kak 00y4YeHue Tak U MHpepeHC NO CpaBHEHUIO
C Knaccu4eCckMmMmn Moaenamu.

[ToTpebnsieT cywecTBeHHO DOosblLUEeEe KONMMMYECTBO BUAEO NAMATH.
Ectb npobnemsl ¢ fine-tuning ntoroeon mogenu, HoO NocrneaHue
PaboThl NX BPOOE KaK peLuatoT.

Nvidia aHoOHCHpoBana HOBble BUOEOKAPTbI, KOTOPble UMEIOT
CyLLecTBeHHO bonbLlunn pasmep snaeo namatn (B200 192GB)

18
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e MoE B FF cnosax e e oo

(G000 -~ 0000
L D Shared Expert :

| Output Hidden h;

Transformer Block xL

e JKcnepThbl 2 TUMNOB: shared

M routed ; [Feed-Forwa]rdNetwork l’i:\\l
e bBornee xuTpbiii attention: | |
Multi-Head Latent Attention | I___________________________::::____________________________________________I

[ By Cached During Inference |
- I

Attention

: ‘\I\\ Output Hidden u,[(OOO0O i 0000)
(M LA) i ] E \\, ( Multi-Head Attention )
e Multi-token prediction '
(MTP) ) Syt
e Yyunu B FP8! 65 G en! .

; Input Hidden b, (DO00 - -~ O000) !
® .. e e

Liu A. et al. Deepseek-v3 technical report //arXiv preprint arXiv:2412.19437. — 2024.

[ RMSNorm : I t

~—
=
sa
=
L]
=

R

k¢
pply  apply
ROPE  RoPE
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DeepSeek: akcnepTsbl

e Fine-grained Experts:
paspesaemM Haunx
akcnepToB HA M MeHbLUKX,
POYTUHI HA YPOBHE |
MEHBLLMX SKCTIEPTOB. (e, . 1 et . 15 st

e Shared Experts - HECKOIBKO h£=§:FFNi (u§)+ mZN: (gi,tFFNi (uﬂ))+u£,
i=1 =K;+1

JKCMNepToB aKTUBHbI BCErAa

sit,  Sit € Topk({sj¢|Ks+1 < j < mN},mK - Ks),
8it = ;
0, otherwise,

T
sit = Softmax; (uﬁ eé) '

21
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NN Cached During Inference

Multi-Head Attention (MHA) | Grouped-Query Attention (GQA) | Multi-Query Attention (MQA) ! Multi-Head Latent Attention (MLA)
- - - 1~ - - | - 11— - -

Values

(2277722
7
(222222

2
iz

R 727777777,
il

=
[}
<
w
wennn ZTTT777 7%+«

(oisiiiid
W sy I
W v

CXRIY /77777 B
I /sy

wennsfZ777777 7 o+

0000001

N R B
N N N
N N N N
N N N N
Ny 8 8 B8
\
N N N N

—
—
— -
—
—
—

e Bwmecto nonyyeHue k v ns
h HanpsaMyto BO3HUKaeT
NPOMEXYTOYHOE 3BEHO C.

Kawmnpyem TonbKo c!
e JOKOHOMMA namaTtu!

A

A B

Latent KV

7
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Target Tokens  t,

l

ts

|

ty

J

[ Cross-Entropy Loss

]" [fMain

| Mam Model

I (Next Token Prediction)

(

Output Head

t3 ty ts te

S S

[ Cross-Entropy Loss

! MTP Module 1
: (Next? Token Prediction)

[ Output Head

J
[ Transformer Block ]
J

[ Linear Projection
concatenation

[ RMSNorm ][ RMSNorm ]
) ¥

Input Tokens ty

Lfp = CrossEntropy (P51, tarirs1) =

E i

[ Embeddilng Layer ]

A D
-LMTP = B kz_; ‘Llls/ITP'

]" Litre

ty ts te t;

S S S

[ Cross-Entropy Loss

| MTP Module 2
| (Next® Token Prediction)

[ Output Head

[ Transformer Block ]
Linear PrOJectlon ]

( RMSNorm | [ RMsNorm |
3

4

[ Embedding Layer ]

I

I

1

1

1

1

I

I

1

I
D
I | concatenation
|

1

1

T

1

I

I

]" Lire

voe
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DeepSeek: napameTpbl

Training Costs Pre-Training Context Extension Post-Training Total
in H800 GPU Hours 2664K 119K 5K 2788K
in USD $5.328M $0.238M $0.01M $5.576M
e 6/71B napameTtpoB, 37B akTUBHbLIX

e 1 shared n 256 routed akcnepToB, 8 aKTUBHbIX

e PogHble Beca - FP8, 4To 03Ha4aerT, 4To HyXHbl H100+ KapThl

e [1na nHdpepeHca Tpedbyetcs Bcero 2x8xH100 :)

e B cnyyae A100 -> HyXHbl NMbOO KBaHTbI B 4-8 ouT, nnbo bf16

Bepcua (X2 NnoTpebHOCTb B KapTax)
14.8T B 06y4eHUN

24
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. DeepSeek-V2 | Qwen2.5 LLaMA-3.1 | DeepSeek-V3

Bénchinarkioiss 4 Skt ‘ Base 72B Base 405B Base Base
Architecture - MoE Dense Dense MoE

# Activated Params - 21B 72B 405B 37B

# Total Params - 236B 72B 405B 671B
Pile-test (srp) - 0.606 0.638 0.542 0.548

BBH Em) 3-shot 78.8 79.8 829 87.5

MMLU Em) 5-shot 784 85.0 84.4 87.1
MMLU-Redux (em) 5-shot 75.6 83.2 81.3 86.2
MMLU-Pro &m) 5-shot 51.4 58.3 52.8 64.4

DROP (r1) 3-shot 80.4 80.6 86.0 89.0

ARC-Easy (em) 25-shot 97.6 98.4 98.4 98.9

English ARC-Challenge (em) 25-shot 922 94.5 95.3 95.3
HellaSwag &m) 10-shot 87.1 84.8 89.2 88.9

PIQA (Em) 0-shot 83.9 82.6 85.9 84.7
WinoGrande (em) 5-shot 86.3 82.3 85.2 84.9
RACE-Middle &m) 5-shot 731 68.1 74.2 67.1
RACE-High em) 5-shot 52.6 50.3 56.8 51:3

TriviaQA (em) 5-shot 80.0 719 82.7 82.9
NaturalQuestions (Em) 5-shot 38.6 332 41.5 40.0

AGIEval (em) 0-shot 57:5 75.8 60.6 79.6
HumanEval (Passa1) 0-shot 433 53.0 549 65.2

Code MBPP (passa) 3-shot 65.0 72.6 68.4 75.4
LiveCodeBench-Base (pass@1) ~ 3-shot 11.6 129 155 19.4
CRUXEval-I &vm) 2-shot 525 591 58.5 67.3
CRUXEval-O m) 2-shot 49.8 59.9 59.9 69.8

GSMSK Em) 8-shot 81.6 88.3 83.5 89.3

Math MATH @Em) 4-shot 434 54.4 49.0 61.6
MGSM @m) 8-shot 63.6 76.2 69.9 79.8

CMath &m) 3-shot 787 845 773 90.7
CLUEWSC em) 5-shot 82.0 82.5 83.0 82.7

C-Eval &m) 5-shot 814 89.2 725 90.1

CMMLU @m) 5-shot 84.0 89.5 737 88.8

Chinese CMRC (em) 1-shot 77.4 75.8 76.0 76.3
C3 em) 0-shot 774 76.7 79.7 78.6

CCPM &™) 0-shot 93.0 88.5 78.6 92.0

25

Multilingual MMMLU-non-English vy 5-shot | 64.0 | 74.8 73.8 | 79.4
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e [lonynsapHOCTb Ha4Yanachb
nMmeHHo ¢ R1 (xota V3 Bblwna
HEeCKOJbKO paHbLUe)

e /BNAeTca ogHOM U3 NePBLIX
reasoning OTKPbITbIX Moaeneu!

e RL (metogq GRPO) Ha ocHoBe
rule-based Harpagbl nosepx V3

e BbinycTunu Kydy pasHbix distill = e
Bepcum

e ConepHuk ans O1

Guo D. et al. Deepseek-r1: Incentivizing reasoning capability in llms via reinforcement learning //arXiv preprint arXiv:2501.12948. — 2025.

##4 DeepSeek-R1 OpenAl-01-1217 DeepSeek-R1-32B OpenAl-ol-mini DeepSeek-V3

centile (%)

QA Diamond MATH-500 MMLU
(Pass@1) (Pass@1) (Pass@1)

w
5
g
g <
E
-3
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Reasoning mogenu
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Chatbot

Ckonbko byaer -1%-1%-17

<think>
Xopolwo, AaBaiiTe pasbepemcs ¢ 3TUM NpuMepom: -1 * -1 * -1. MHe Hy>XHO HaiiT pe3yAbTaT yMHOXEHMNA TPEX OTPULIATENIbHBIX €ANHULL fl MOMHIO, UTO MPY YMHOXEHWN UNCEN C OANHAKOBBIMM
3HaKamMu pe3synbTaT NONOXMUTENbHBI, @ NPY Pa3HbIX — OTpULAaTeNbHbIA. HO 34€Ch TpM UMCAa, M BCE OHM OTpULATeNbHbIe. BOSMOXHO, i A0/XEH BbIMONHATL YMHOXEHUE MO NOPAAKY, ABa NEpPBbIX

uMcna cHauana, a noToM TpeTbe.

[laBaiiTe HauHeM C NEPBOTO LWara: yMHOXWTL Nepsbie A8a unca. -1 * -1. Kak a1 yxe ayman, ecam 06a uncna oTpuLaTenbHbl, TO UX NPOU3BEACHMUE NMONOXMUTENbHOE. 3HaunT, -1 * -1 = 1. Tenepb y

HacC OCTaeTCs yMHOXWUTb 3TOT Pe3y/ibTaT Ha TpeTbe UMC/o, KoTopoe Toxe -1. To ectb 1 * -1. 34ech 3Haky pasHble: MONOXUTeNbHOE U oTpuLaTeNnbHoe. Toraa pesysbTaT Ao/mkeH Bbith

oTpuuatenbhbiM. 1* 1 = 1, 3Haumt, 1 * -1 = -1. Nonyuaercs, uto -1*-1* -1 = -1.

Ho 5 xouy y6eautbcs, uto He owmbes. Moxet 6biTh, ecTb Apyro¥i cnocob nposepuTsb 370. HanpuMep, MCNOb30BaTh NPABUO 3HAKOB ANA YMHOXEHNSA HECKONIbKMX uncen. Ecin Konnuectso
OTpULIATE/IbHBIX MHOXUTENEH UETHOE, TO PEe3y/IbTaT MONOXMUTENbHbIN; ECIM HEUETHOE — OTPULIATENbHBIA. B AaHHOM Clyuae y Hac TpU OTpULIaTE/IbHbIX MHOXWUTENS, UTO HEUETHOE UNC/IO. 3HauuT,
pesynbTaT A0/mKeH ObiTb OTPULATENbHBIM. A NPON3BEAeHMe aBCONOTHBIX 3HaUeHMii Beex uncen: 171=1. [03TOMy OKOHUaTebHbIA OTBET -1. 3TO COBNAAALT C NPEAbIAYWIMM PacueToM. 3HauuT, BCe

NpaBunbHO.

Eute MOXHO NPeACTaBUTb 3TO FreOMETPUUECKM MAM Uepes3 ABWKEHUE Ha UMCNOBOI NPAMOiA. YMHOXeHWe Ha -1 MeHseT 3Hak uncna. Mepsblii war: -1 * -1 = 1 (nepekntounam 3HaK ABaXKabl,

BEPHY/INCb K MONIOXKMUTENbHOMY). 3aTeM YMHOXaeM Ha -1 eute pas: 1* -1 = -1 (nepeknounnu 3Hak obpaTHo). Takum 06pasom, Nocae Tpex NepeMHOXeHU noayuaem -1.

BO3MOXHO, KTO-TO MOXeET 3anyTaTbCs, CUMTas, UTO ABa MUHYCa AAIOT NJIKOC, U TOTAA TPETUMA MMHYC NPOCTO OCTaeTCA. Ho BaXHO MOMHMTL, UTO KaXAbii AOMONHUTE/IbHBIA YMHOXAIOWMACA MUHYC

U3MeHseT 3Hak pesynbTata. CHauana ABa MMHyCa AatOT NAOC, 3aTeM YMHOXEHWE Ha MUHYC AaeT MuHYC. Bce nornuHo.

ELL[G npumep: ecan 6b1 Bbi10 UeTbipe eAvHULbI C MUHYCaMK, TO pesyabTat 6b1n Bbl NONOXUTENbHBIM, TaK KaK UETHOE KOANUECTBO OTPULIATE/NIbHbIX MHOXuTenei. Ho B Hawem cnydae Tpu, No3TOMY
oTpuuaTenbHblid. Bce cxoanTea.
</think>

PesynbTaT yMHOXeHUA

paseH -1.

O6nacHeHne:

1. YMHOXeHMe NepBbiX ABYX OTPULIATENbHbIX UNCEN:

(Mockonbky NpousseaeHne ABYX OTPULIATENbHBIX UMCEN NMONOXKUTENBHO).

2. YMHOXeHue NOAYYEHHOrO NOAOXUTENBHOIO pe3y/bTaTa Ha TPETbE OTPULATENIbHOE YNCAO:
1x(-1)=-1

(MockonbKy NponsseaeHne YMcaa C NPOTUBOMONOXHbIMY 3HaKaMy OTPULIATENIbHO).

Wror:
(=N x (=N x (=1} = =1

2
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DeepSeek R1 distill Bepcuun

MOCKOBCRIII
T'OCYAapCTBEHHBIN

i)/ yHuBepcuUTET

umeHu M.B.lomoHOCcOBa

GPQA  LiveCode

Misdlel AIME 2024 MATH-500 Diamond Bench CodeForces

pass@1  cons@64 pass@1 pass@1 pass@1 rating
GPT-40-0513 9.3 134 74.6 49.9 32.9 759
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
QwQ-32B-Preview 50.0 60.0 90.6 54.5 41.9 1316
DeepSeek-R1-Distill-Qwen-1.5B  28.9 52.7 83.9 33.8 16.9 954
DeepSeek-R1-Distill-Qwen-7B 55.5 83.3 92.8 491 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 8313 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

e [uctunn mogenu 6binu nonydeHbl nytem SFT TioHa Ha reHepauunsax R1
e B nx akcnepumeHtax Distill u13 R1 > RL Ha 32B mogenu.

e 800T. npumepoB AnNst ANCTUNNSALMN
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MoCROBCRUIA
T'OCYAapCTBEHHBIN
i)/ yHuBepcuUTET

umeHu M.B.lomoHOCcOBa

GRPO vs PPO

PPQO TpebyeT HEKOTOPYIO
Value model ans oueHkun
Advantage Ha ocHoBe
Tekyuwlero Reward.

Trained
Models
Frozen

Models

o]
1 . g (o¢]q, 0 . g (o¢|q,0
:fppo(e)=1E[q~P(Q),o~7reum(OIq)]—me[—9( flg04) Af,chp(49( tla,0.5) ,1—£,l+s) Af},
lo| & 7, (0tlq, 0<t) 79,4 (0tlq, 0<t)

GRPO - otkas o1 Value Forso(©) = Ela ~ P(Q), {0} ~ o (o)
1 (. { meloilq) [ meloilg) L L
mode| B CTOpOHy = ; (mm(ﬂeo,d(oilfJI)A“Chp ﬂeom(oilq)'l €,1+£)A,) BDky (7ol|mrer) |,
A N D (71'9||7Frof) - o (0i|q) & mo(0|q) L @
re He pa L'II/I VI Ba pl/la HTOB I/I where ¢ and B are hyper-parameters, and A; is the advantage, computed using a group of

rewards {ry,r2,..., rg} corresponding to the outputs within each group:

pacyeTa cpeaHen Harpagbl! o rmmean({ry ) o

" std({ri,ro, e, 16))

@

7T,-ef(0i|Q) _ 7Tl'ef(0i|q) _

29
Shao Z. et al. Deepseekmath: Pushing the limits of mathematical reasoning in open language models //arXiv preprint arXiv:2402.03300. — 2024.



MOCKOBCRMIL

i § T'OCyjapCTBEHHBIN
i/ ynuBepcurer
MMMMM M.B.JIoMoHOCOBa

GRPO Bepudmnumpyemsbie Harpagbl

Rule based - 4ToObI MOg€EnNL HE B3NamMbliBana Harpagy
Accuracy rewards: oTBeT, npeacTaBfeHHbIN B KOHLE OO0MMKeH
ObITb NPaBUSTbHLIM

Format rewards: 6ok <think>...</think>, otBeT B \boxed({} ...
Oby4yanun Ha maTtemaTuke / Koge.

30



GRPO: step vs accuracy vs len

MOCKOBCKILIL

rocyAapCTBeHHBI

YHUBEPCUTET

umeHu M.B.lomoHOCcOBa

DeepSeek-R1-Zero AIME accuracy during training
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Qwen3
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MoCROBCRUIA
3 ' T'OCYAapCTBEHHBIN
Qwen3 B penuse! o s

MMMMM M.B.J/lomoHOCOBa

[Toyemy 3TO BaXKHO:

e Jlydwne OTKpbITbIE MOAENN
Ha TEeKYLWMN MOMEHT B
CBOMX BECOBbIX

e VlHTepecHaqa pa3mepHas
ceTka

o 0T 0.6B no 235B-A22B

e [UMBPUMOHLIN PU30OHEP

e 128 akcnepToB, 8 aKTUBHbIX

https://github.com/QwenLM/Qwen3/blob/main/Qwen3_Technical _Report.pdf 33



MOCKOBCRUII
rocyAapCTBeHHBI

PasmepHas ceTka ynhopeurer

umeHu M.B.lomoHOCcOBa

Models Layers Heads (Q/KV) Tie Embedding Context Length

Qwen3-0.6B 28 16/8 Yes 32K

Qwen3-1.7B 28 16/8 Yes 32K

Qwen3-4B 36 32/8 Yes 32K

Qwen3-8B 36 32/8 No 128K

Qwen3-14B 40 40/ 8 No 128K

Qwen3-32B 64 64/8 No 128K
Models Layers Heads (Q/KV) # Experts (Total / Activated) Context Length
Qwen3-30B-A3B 48 32/4 128/ 8 128K
Qwen3-235B-A22B 94 64/4 128/ 8 128K

34



MoCROBCRUIA

§ TOCyZapCTBEHHBIN
i/ ynuBepcurer
MMMMM M.B.JIoMoHOCOBa

Qwen3: pre-training

e Lllar 1: oObl4HbIN pre-training

o 30 TpunnmoHoB TOKeHOB, 119 A3bIKOB

o 4096 annHa nocrnenoBaTeNbHOCTU
e Llar 2: pn3oHUHT!

o S TPUINIIMOHOB BbICOKOKA4YeCTBEHHbIX TOKEHOB, CoAdepKallunx

STEM, koa, paccyXgeHus, CUHTETUYECKNE OaHHbIE

o “We also accelerate the learning rate decay during this stage”
e lllar 3: NnMHHbIN KOHTEKCT

o [aHHble cogepxaxune npumepbl 4o AnNMHOU 32768 TOKEHOB

o 100+ munnuapaoB TOKEHOB
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MOCKOBCKILIL

MpeTpenHUHr: pe3ynbraTthbl Qwen3-235B-A22@ tsepomer

umeHu M.B.lomoHOCcOBa

Table 3: Comparison among Qwen3-235B-A22B-Base and other representative strong open-source
baselines. The highest, the second-best scores are shown in bold and underlined, respectively.

Qwen2.5-72B Qwen2.5-Plus Llama-4-Maverick DeepSeek-V3 Qwen3-235B-A22B

Base Base Base Base Base
Architecture Dense MoE MoE MoE MoE
# Total Params 72B 271B 402B 671B 235B
# Activated Params 72B 37B 17B 37B 22B

General Tasks
MMLU 86.06 85.02 85.16 87.19 87.81
MMLU-Redux 83.91 82.69 84.05 86.14 87.40
MMLU-Pro 58.07 63.52 63.91 59.84 68.18
SuperGPQA 36.20 37.18 40.85 41.53 44.06
BBH 86.30 85.60 83.62 86.22 88.87
Math & STEM Tasks
GPQA 45.88 41.92 43.94 41.92 47.47
GSMS8K 91.50 91.89 87.72 87.57 94.39
MATH 62.12 62.78 63.32 62.62 71.84
Coding Tasks
EvalPlus 65.93 61.43 68.38 63.75 77.60
MultiPL-E 58.70 62.16 57.28 62.26 65.94
MBPP 76.00 74.60 75.40 74.20 81.40
CRUX-O 66.20 68.50 77.00 76.60 79.00
Multilingual Tasks

MGSM 82.40 82.21 79.69 82.68 83.53
MMMLU 84.40 83.49 83.09 85.88 86.70

INCLUDE 69.05 66.97 73.47 75.17 73.46 36




MOCKOBCRUII
rocyAapCTBeHHBI

[MpeTpenHuHr: pesynbratbl Qwen3-32B yritpepenrer

umeHu M.B.lomoHOCcOBa

Table 4: Comparison among Qwen3-32B-Base and other strong open-source baselines. The highest
and second-best scores are shown in bold and underlined, respectively.

Qwen2.5-32B  Qwen2.5-72B  Gemma-3-27B  Llama-4-Scout Qwen3-32B

Base Base Base Base Base
Architecture Dense Dense Dense MoE Dense
# Total Params 32B 72B 27B 109B 32B
# Activated Params 32B 72B 27B 17B 32B

General Tasks
MMLU 83.32 86.06 78.69 78.27 83.61
MMLU-Redux 81.97 83.91 76.53 71.09 83.41
MMLU-Pro 55.10 58.07 52.88 56.13 65.54
SuperGPQA 33.55 36.20 29.87 26.51 39.78
BBH 84.48 86.30 79.95 82.40 87.38
Math & STEM Tasks
GPQA 47.97 45.88 26.26 40.40 49.49
GSMS8K 92.87 91.50 81.20 85.37 93.40
MATH 57.70 62.12 51.78 51.66 61.62
Coding Tasks
EvalPlus 66.25 65.93 55.78 59.90 72.05
MultiPL-E 58.30 58.70 45.03 47.38 67.06
MBPP 73.60 76.00 68.40 68.60 78.20
CRUX-O 67.80 66.20 60.00 61.90 72.50
Multilingual Tasks

MGSM 78.12 82.40 73.74 79.93 83.06
MMMLU 82.40 84.40 77.62 74.83 83.83

INCLUDE 64.35 69.05 68.94 68.09 67.87 37




MOCKOBCKILIL

[MpeTpenHUHr: pesynbraTthbl Qwen3-14Bl3OB-A@ e

umeHu M.B.lomoHOCcOBa

Table 5: Comparison among Qwen3-14B-Base, Qwen3-30B-A3B-Base, and other strong open-source
baselines. The highest and second-best scores are shown in bold and underlined, respectively.

Gemma-3-12B Qwen2.5-14B Qwen2.5-32B Qwen2.5-Turbo Qwen3-14B Qwen3-30B-A3B

Base Base Base Base Base Base
Architecture Dense Dense Dense MoE Dense MoE
# Total Params 12B 14B 32B 42B 14B 30B
# Activated Params 12B 14B 32B 6B 14B 3B

General Tasks
MMLU 73.87 79.66 83.32 79.50 81.05 81.38
MMLU-Redux 70.70 76.64 81.97 77.11 79.88 81.17
MMLU-Pro 4491 51.16 55.10 55.60 61.03 61.49
SuperGPQA 24.61 30.68 33.55 31.19 34.27 35.72
BBH 74.28 78.18 84.48 76.10 81.07 81.54
Math & STEM Tasks
GPQA 31.31 32.83 47.97 4141 39.90 43.94
GSMS8K 78.01 90.22 92.87 88.32 92.49 91.81
MATH 4443 55.64 57.70 55.60 62.02 59.04
Coding Tasks
EvalPlus 52.65 60.70 66.25 61.23 72.23 71.45
MultiPL-E 43.03 54.79 58.30 53.24 61.69 66.53
MBPP 60.60 69.00 73.60 67.60 73.40 74.40
CRUX-O 52.00 61.10 67.80 60.20 68.60 67.20
Multilingual Tasks

MGSM 64.35 74.68 78.12 70.45 79.20 79.11
MMMLU 72.50 78.34 82.40 79.76 79.69 81.46 38

INCLUDE 63.34 60.26 64.35 59.25 64.55 67.00




MOCKOBCRUII
rocyAapCTBeHHBI

[MpeTpenHUHr: pesynbratbl Qwen3-8B yritpepenrer

umeHu M.B.lomoHOCcOBa

Table 6: Comparison among Qwen8B-Base and other strong open-source baselines. The highest and
second-best scores are shown in bold and underlined, respectively.

Llama-3-8B  Qwen2.5-7B  Qwen2.5-14B Qwen3-8B

Base Base Base Base
Architecture Dense Dense Dense Dense
# Total Params 8B 7B 14B 8B
# Activated Params 8B 7B 14B 8B
General Tasks
MMLU 66.60 74.16 79.66 76.89
MMLU-Redux 61.59 71.06 76.64 76.17
MMLU-Pro 35.36 45.00 51.16 56.73
SuperGPQA 20.54 26.34 30.68 31.64
BBH 57.70 70.40 78.18 78.40
Math & STEM Tasks
GPQA 25.80 36.36 32.83 44.44
GSMS8K 55.30 85.36 90.22 89.84
MATH 20.50 49.80 55.64 60.80
Coding Tasks
EvalPlus 4413 62.18 60.70 67.65
MultiPL-E 31.45 50.73 54.79 58.75
MBPP 48.40 63.40 69.00 69.80
CRUX-O 36.80 48.50 61.10 62.00
Multilingual Tasks

MGSM 38.92 63.60 74.68 76.02
MMMLU 59.65 71.34 78.34 75.72 39

IINCLUDE 4494 53.98 60.26 59.40




MOCKOBCRUII
rocyAapCTBeHHBI

[MpeTpenHUHr: pesynsratbl Qwen3-4B yrpepeuren

umeHu M.B.lomoHOCcOBa

Table 7: Comparison among Qwen3-4B-Base and other strong open-source baselines. The highest and
second-best scores are shown in bold and underlined, respectively.

Gemma-3-4B  Qwen2.5-3B  Qwen2.5-7B Qwen3-4B

Base Base Base Base

Architecture Dense Dense Dense Dense
# Total Params 4B 3B 7B 4B

# Activated Params 4B 3B 7B 4B

General Tasks
MMLU 59.51 65.62 74.16 72.99
MMLU-Redux 56.91 63.68 71.06 72.79
MMLU-Pro 29.23 34.61 45.00 50.58
SuperGPQA 17.68 20.31 26.34 28.43
BBH 51.70 56.30 70.40 72.59
Math & STEM Tasks
GPQA 24.24 26.26 36.36 36.87
GSM8K 43.97 79.08 85.36 87.79
MATH 26.10 42.64 49.80 54.10
Coding Tasks
EvalPlus 43.23 46.28 62.18 63.53
MultiPL-E 28.06 39.65 50.73 53.13
MBPP 46.40 54.60 63.40 67.00
CRUX-O 34.00 36.50 48.50 55.00
Multilingual Tasks

MGSM 33.11 47.53 63.60 67.74
MMMLU 59.62 65.55 71.34 71.42

INCLUDE 49.06 45.90 53.98 56.29 40




MOCKOBCRIII

i 1} TOCyAapCTBEHHBIN

i/ ynuBepcurer
umenu M.B.JlomoHoCOBa

[MpeTpenHuHr: utoro

e Qwen3-235B-A22B cocTtaBnaeT KoHkypeHuunto DeepSeekV3, nmes B
3 pas3a MeHbLLE NapamMeTpoB
o XeaTtaeT 1 y3na c 8A100 anga Toro, 4Tobbl NHPepuTL B BF16!
e Qwen3-32B roe-to mexay Qwen2.5-32B n Qwen2.5-72B
o Hennoxomn poct B multilingual
e Qwen3-30B-A3B +- Ha ypoBHe UMeHHO ¢ Qwen3-14B
o 3aHumaet 30B namaTn, HO oveHb DbicTpas 3a cyeT 3B akTUBHbIX
e Qwen3-8B Ha ypoBHe Qwen2.5-14B, a Qwen3-4B, Ha ypoBHe
Qwen2.5-7B!

Ho noMHum, BeHUMapKn He BCerga oTpaxatoT pearibHOE MNofoXKeHme
BeLleun!
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MocT-TPEeUHUHr

MoCROBCRUIA
rocyAapCTBeHHBI
YHUBEPCUTET

umeHu M.B.lomoHOCcOBa

r

“ Stage 1 Stage 2

Base Models Long-CoT Cold Start Reasoning RL
\
I
\2

-

Stage 3 Stage 4

Flagship Models
Lightweight Models

Base Models

Figure 1: Post-training pipeline of the Qwen3 series models.

.

Thinking Mode Fusion

General RL

Qwen3-235B-A22B
Qwen3-32B

Strong-to-Weak Distillation

Qwen3-30B-A3B

14B/8B/4B/1.7B/0.6B
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[MocT-TPEeMHUHT: KNnoYeBble acneKTbl

MoCROBCRUIA

§ TOCyZapCTBEHHBIN
i/ ynuBepcurer
MMMMM M.B.JIoMoHOCOBa

e [MOPUOHLIVA PUSOHUHT - MOAENWN MOTYT Kak pa3MbILLNATb, Tak U cpasy
oTBeYyaTb

O

/no_think TokeH B KOHeL, user content 4yacTtu - mogens He byaet
PaA3MbILWNATb

MOXHO B paMKax OHOro auanora ncnonb3oBaTtb 0ba BapmaHTa B
nepemeLuky!

e Strong-to-weak anctnnnaums

O

CHayvana gnga Tonosbix mogenen (32B n 235B-A22B) nposenu
MHOIOCTYMEeHYaTy CxeMy oby4yeHund
3aTeM gucTunnmpoBanu B MeHbLUME MOAEenNu B 2 wwara:

Ooo0y4yeHue Ha reHepaumax u anctunnauma Ha norutax (ki div) .



MOCKOBCRIII

i 1} TOCyAapCTBEHHBIN

i/ ynuBepcurer
umenu M.B.JlomoHoCOBa

LLlaru nooby4yeHunsn

Stage-1: Long-CoT Cold Start

o [lo cytn SFT Ha uenoydkax (QWQ n Qwen2.5-72B-Instruct)

Stage-2: Reasoning RL

o GRPO

o “3,995 query-verifier pairs”

Stage-3: Thinking Mode Fusion

o Ha pene yyat (SFT) pn3oHUHr Mogernb paboTaTtb HE B PUSOHUHT
PEXNME, COXPaHSAS MPU 3TOM PUSOHUHT PEXNM

Stage-4: General RL

o [JlononHuTtenbHas “nonupoBKka” MOAENM Ha pas3nuYHbIX 3adadax

o Rule-based Reward, Model-based Reward with Reference
Answer, Model-based Reward without Reference Answer
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umeHu M.B.lomoHOCcOBa

BnusiHme waroB 4OO0y4YeHMA HA Ka4eCTBO @ b

Table 22: Performance of Qwen3-32B after Reasoning RL (Stage 2), Thinking Mode Fusion (Stage 3), and
General RL (Stage 4). Benchmarks with * are in-house datasets.

Stage 2 Stage 3 Stage 4
Reasoning RL  Thinking Mode Fusion General RL
Benchmark Thinking Thinking Non-Thinking Thinking  Non-Thinking

Cenril LiveBench 2024-11-25 68.6 70.9+23 57.1 74.9+40 59.8+28
. Arena-Hard 86.8 89.4:26 88.5 93.8+44 92.8+43
o CounterFactQA* 50.4 61.3+109 64.3 68.1+6.38 66.4:+2.1
Instruction IFEval strict prompt 73.0 78.4454 78.4 85.0:6.6 83.2448
6: Eviiit Multi-IF 61.4 64.6+32 65.2 73.0+84 70.7+55
Eailogiiio LengthCtr]* 62.6 70.6+8.0 84.9 73.5+29 87.3+24

& ThinkFollow* - 88.7 98.9+102
Y BFCL v3 69.0 68.4-06 61.5 70.3+19 63.0+15
3 ToolUse* 63.3 70.4+71 73.2 85.5+15.1 86.5+133
Knowledge &  MMLU-Redux 91.4 91.0-04 86.7 90.9-0.1 85.7-1.0
STEM GPQA-Diamond 68.8 69.0-0.2 50.4 68.4-0.6 54.6+43
Math & AIME"24 83.8 81.9-19 28.5 81.4.05 31.0+25
Coding LiveCodeBench v5 68.4 67.212 311 65.7-15 31.3+02
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LLla6noH gns thinking n non-thinking @;z;ys:;’s;zzﬁmﬁ

umeHu M.B.lomoHOCcOBa

Thinking Mode

| Non-Thinking Mode

<|im_start|>user

{query} /think<|im end|>
<|im_start|>assistant
<think>

{thinking content}
</think>

{response}<|im_end|>

<|im_start|>user

{query} /no_think<|im_ end|>
<|im_start|>assistant
<think>

</think>

{response}<|im end|>
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MOCKOBCKIIL

Pe3synbraTbl ANA UHCTPYKTUBHOW rocyaapersesssi

YHUBEPCUTET

Qwen3-235B-A22B
Thinking Non-Thinking

OpenAl-ol DeepSeek-R1 Gj‘}‘;ﬁ;ﬁf“ Gemini2.5-Pro Qwen3-235B-A22B 400 DeepSeelcvs QuenzS72B LLaMAL o o5 23584228

-2024-11-20 -Instruct

Architecture - MoE - - MoE Architecture - MoE Dense MoE MoE
# Activated Params - 37B - - 22B # Activated Params - 37B 72B 17B 22B
# Total Params - 671B - - 235B # Total Params - 671B 72B 402B 235B
MMLU-Redux 92.8 929 - 93.7 92.7 MMLU-Redux 87.0 89.1 86.8 91.8 89.2
General ~ GPQA-Diamond 78.0 715 80.2 84.0 711 General ~ GPQA-Diamond 46.0 59.1 49.0 69.8 62.9
Tasks C-Eval 85.5 91.8 - 82.9 89.6 Tasks C-Eval 75.5 86.5 84.7 83.5 86.1
LiveBench 2024-11-25 75.7 71.6 - 824 771 LiveBench 2024-11-25 52.2 60.5 51.4 59.5 62.5
IFEval strict prompt 92.6 83.3 - 89.5 83.4 IFEval strict prompt 86.5 86.1 84.1 86.7 83.2
Aliswnisiit Arena-Hard 92.1 92.3 - 96.4 95.6 Wiiansna Arena-Hard 85.3 85.5 81.2 82.7 96.1
7%1 e AlignBench v1.1 8.86 8.76 2 9.03 8.94 gfa' e AlignBenchv1.1 8.42 8.64 7.89 7.97 8.91
o Creative Writing v3 817 85.5 - 86.0 84.6 s Creative Writing v3 81.1 74.0 61.8 61.3 80.4
WritingBench 7.69 7.71 - 8.09 8.03 WritingBench 711, 6.49 7.06 5.46 7.70
MATH-500 96.4 97.3 98.8 98.0 MATH-500 772 90.2 83.6 90.6 91.2
, AIME'24 74.3 79.8 83.9 92.0 85.7 . AIME24 114 39.2 18.9 38.5 40.1
Math & Text s IME'25 792 70.0 773 86.7 815 Math & Text ‘s 1viE 25 76 288 15.0 159 247
SONNS 7 ebraLogic 81.0 78.7 - 87.4 80.3 SOMNE  ZebraLogic 274 421 26.6 40.0 37.7
AutoLogi 79.8 86.1 - 85.4 89.0 AutoLogi 65.9 76.1 66.1 75.2 83.3
Hoontls BFCL v3 67.8 56.9 - 62.9 70.8 Avent & BFCL v3 72.5 57.6 63.4 52.9 68.0
C(S:)din " LiveCodeBench v5 63.9 64.3 70.6 70.4 70.7 C(S;din LiveCodeBench v5 32.7 33.1 30.7 37.2 353

& CodeForces (Rating / Percentile) 1891 / 96.7% 2029 / 98.1% S 2001 / 97.9% 2056/ 98.2% 8 CodeForces (Rating / Percentile) 864 / 35.4% 1134 / 54.1% 859 / 35.0% 712 / 24.3% 1387/75.7%
Multi-IF 48.8 67.7 - 77.8 71.9 Multi-IF 65.6 55.6 65.3 75.5 70.2
INCLUDE 84.6 82.7 - 85.1 787 INCLUDE 788 76.7 69.6 80.9 75.6
Multilingual MMMLU 14 languages 88.4 86.4 - 86.9 84.3 Multilingual MMMLU 14 languages 80.3 81.1 76.9 82.5 79.8
Tasks MT-AIME2024 67.4 73.5 - 769 80.8 Tasks MT-AIME2024 9.2 20.9 12.7 27.0 32.4
PolyMath 38.9 47.1 - 52.2 54.7 PolyMath 13.7 20.4 16.9 26.1 27.0
MLogiQA 755 73.8 - 75.6 77.1 MLogiQA 57.4 58.9 59.3 59.9 67.6
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MoCROBCRUIA
rocyAapCTBeHHBI

Pe3ynbTaTthl ANs MHCTPYKTUBHOU Qwen3-32B @ yrotnepouren

umeHu M.B.lomoHOCcOBa

Thinking Non-Thinking

DeepSeek-R1

OpenAl-03-mini GPT-40-mini LLaMA-4 Qwen2.5-72B

-Distill-Llama-70B ~ QWQ-32B (medium) ~ Qwen3-32B 202407-18  -Scout Tustruct  2wendHIB

Architecture Dense Dense - Dense Architecture - MoE Dense Dense
# Activated Params 70B 32B - 32B # Activated Params - 17B 72B 32B
# Total Params 70B 32B - 32B # Total Params - 109B 72B 32B
MMLU-Redux 89.3 90.0 90.0 90.9 MMLU-Redux 815 86.3 86.8 85.7
General GPQA-Diamond 65.2 65.6 76.8 68.4 General GPQA-Diamond 40.2 57:2 49.0 54.6
Tasks C-Eval 71.8 88.4 75.1 87.3 Tasks C-Eval 66.3 78.2 84.7 83.3
LiveBench 20241125 545 72.0 70.0 74.9 LiveBench 2024-11-25 413 47.6 514 59.8
TFEval strict prompt 793 83.9 91.5 85.0 TFEval strict prompt 80.4 84.7 84.1 832
Alignment ~ AArena-Hard b4 i 899 i Alignment ~ AArena-Hard i #5 812 e
%Uﬂ o AlignBench v1.1 6.74 8.70 8.38 8.72 %ﬂsk': AlignBench v1.1 7.81 7.49 7.89 8.58
- Creative Writing v3 62.1 82.4 74.8 81.0 - Creative Writing v3 703 55.0 61.8 78.3
WritingBench 6.08 7.86 7.52 7.90 WritingBench 5.98 5.49 7.06 7.54
MATH-500 945 98.0 98.0 97.2 MATH-500 78.2 82.6 83.6 88.6
 AIME'24 70.0 79.5 79.6 81.4  AIME24 8.1 28.6 18.9 31.0
Malls Text jovmes 563 695 74.8 729 Math & Text s 1vEr2s 88 100 15.0 202
REASONIME - ZebraLogic 713 76.8 88.9 88.8 CASOMINE  ZebraLogic 20.1 242 266 29.2
AutoLogi 83.5 88.1 86.3 87.3 AutoLogi 52.6 56.8 66.1 78.5
Acent & BFCL v3 493 66.4 64.6 70.3 Avorit 6 BECL v3 64.0 454 63.4 63.0
e LiveCodeBench v5 545 62.7 66.3 65.7 o LiveCodeBench v5 27.9 29.8 307 31.3

g CodeForces (Rating / Percentile) 1633 / 91.4% 1982 / 97.7% 2036/ 98.1% 1977 / 97.7% 8 CodeForces (Rating / Percentile) 1113 / 52.6% 981 / 43.7% 859 / 35.0% 1353/71.0%

Multi-TF 57.6 68.3 484 73.0 Multi-IF 624 64.2 65.3 70.7
INCLUDE 62.1 69.7 73.1 73.7 INCLUDE 66.0 74.1 69.6 70.9
Multilingual  MMMLU 14 languages 69.6 80.9 79.3 80.6 Multilingual  MMMLU 14 1anguages 721 77.5 76.9 76.5
Tasks MT-AIME2024 293 68.0 73.9 75.0 Tasks MT-AIME2024 6.0 19.1 127 24.1
PolyMath 294 45.9 38.6 47.4 PolyMath 12.0 20.9 16.9 22.5
MLogiQA 60.3 75.5 714 76.3 MLogiQA 426 53.9 59.3 62.9
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BnuaHue KkonuyecTBa pa3MbILUSIEHUU HA rooapermerisi

YHUBEPCUTET
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Ficure 2: Performance of Owen3-235B-A22B with respect to the thinkine budeet.



MOCKOBCRIII
T'OCYAapCTBEHHBIN

i/ yauBepcurer
MMMMM M.B.JIoMoHOCOBa

Ouctunnauumsa > RL

[able 21: Comparison of reinforcement learning and on-policy distillation on Qwen3-8B. Numbers in
& Y
parentheses indicate pass@64 scores.

LiveCodeBench MMLU GPQA GPU

Method AIME24 AIME’25 MATHS500 5 Redux Diamond | Hours
Off-policy Distillation 55.0 (90.0) 42.8 (83.3) 924 42.0 86.4 55.6 -

+ Reinforcement Learning 67.6 (90.0) 55.5 (83.3) 94.8 52.9 86.9 61.3 17,920
+ On-policy Distillation ~ 74.4 (93.3) 65.5 (86.7) 97.0 60.3 88.3 63.3 1,800

Off-policy - mogenb goobydanacbh Ha reHepaunsix

On-policy - mogenb gooby4yanacb O0OMNOMHUTENBHO Ha norntax 60nNbLIEN
moaenu!
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MoCROBCRUIA
rocyAapCTBeHHBI

MeTpUKN HA PyCCKOM A3bIKe yranepurer

umeHu M.B.lomoHOCcOBa

Table 32: Benchmark scores for language: Russian (ru). The highest and second-best scores are shown
in bold and underlined, respectively.

Model Multi-IF INCLUDE MT-AIME24 PolyMath Average
Gemini2.5-Pro 68.1 80.4 70.0 52.3 67.7
QwQ-32B 61.2 73:2 76.7 43.6 63.7
Qwen3-235B-A22B 62.2 80.4 80.0 53.1 68.9
Qwen3-32B 62.5 73.2 63.3 46.5 61.4
Thinking  Qwen3-30B-A3B 60.7 76.8 73.3 45.4 64.0
Mode Qwen3-14B 63.6 80.4 66.7 46.4 64.3
Qwen3-8B 62.9 69.6 63.3 37.7 58.4
Qwen3-4B 52.8 69.6 56.7 36.6 53.9
Qwen3-1.7B 37.8 46.4 20.0 22.8 31.8
Qwen3-0.6B 26.4 46.4 3.3 7.0 20.8
GPT-40-2024-1120 52.0 80.4 20.0 13.7 415
Gemma-3-27b-1T 573 71.4 23.3 21.6 43.4
Qwen2.5-72B-Instruct  54.1 67.9 20.0 13.3 38.8
Qwen3-235B-A22B 56.7 75.0 40.0 26.1 49.4
Nivithinkig Qwen3-32B 58.6 714 30.0 23.3 45.8
Mo ¢ Qwen3-30B-A3B 58.0 732 30.0 21.1 45.6
Qwen3-14B 60.3 714 26.7 242 45.6
Qwen3-8B 59.3 58.9 20.0 22.8 40.2
Qwen3-4B 46.1 58.9 13.3 17.8 34.0
Qwen3-1.7B 34.8 41.1 3.3 13.2 2371

Qwen3-0.6B 25.5 46.4 0.0 5.8 194 51




MoCROBCRUIA
T'OCYAapCTBEHHBIN
)/ yuuBepcurer
MMMMM M.B.JIoMoHOCOBa

Discussion

e Mopaenu BbIlINKM HE TakK AAaBHO U BOMNPOC, HACKOSbKO Ka4eCTBO pearnbHO
xopoLlee
o Ho nepBble BNevaTneHnst OTNNYHbIE, XOTS LWar MeHbLUE OT 2.5, yem
XOTENoch Obl
e Mopgenun oyeHb “NNoTHbIE” HA 3HAHUA, 4O00yYaTb CIOXHO
o [lonbITkKN OODYYNTL Ha PYCCKUX MHCTPYKTUBHbLIX OaHHbIX NPUBOOAT
K aerpagauun (rnoka 4To)
o OpgHa 13 NPUYnH - ANCTUNNAUMSA Obiria O gHUM U3 NMOCNEOHNX
laroB, 00bI4HbIN SFT “3aTnpaeTt” HaBbIKKU?
o Brtopas npuynHa - cpegHas anmHa oteeta B no_think - 700+
TokeHoB! Y Bepcun 2.5 0Obino ~420!
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MocROBCRUII

% TOCyAapCTBEHHBIN
i/ ynuBepcurer
MMMMM M.B.J/lomoHOCOBa

Discussion v2

e OTCyTCTBYIOT AaTtaceTbl MHCTPYKUUN C TMOPUOHBIM PEXNUMOM
o Ho, ero MOXXHO caenartb U3 gataceToB C PU3OHMHIOM
o YXe Hayanu reHepmpoBaTb CUHTETUKY Yepe3 Qwen3-235B-A22B
e He “penusnnuce” Ha Imsys 3apaHee, Kak 3TO genakT B nocrneaHee spems!
o Cnyyan ¢ LLaMa-4 o4eHb ApKnn HEraTUBHbIN NMPUMeEpP rnepeyymBaHns
Ha apeHy

https://huggingface.co/datasets/RefalMachine/GrandMaster-PRO-MAX-Qwen3-synthetic >3



MOCKOBCKILIL

Imsys Qwen3-235B-A22B royaape el

umeHu M.B.lomoHOCcOBa

Rankx (UB) + Delta 4+ Model + Arena Score + 95% CI + Votes + Organization + License

5 3 1324 +9/-5 5083 OpenAl Proprietary
5 2 Despiaek:V3-0324 1323 +7/-5 8753 DeepSeek MIT

8 2 01:2024:12:17 1319 +3/-4 29036 OpenAI Proprietary
8 ] 1316 +5/-3 18493 DeepSeek MIT

10 14 1312 +5/-6 12038 Anthropic Proprietary
13 1 1303 +3/-3 33171 OpenAl Proprietary
13 18 1298 +4/-4 17387 Anthropic Proprietary
13 -5 HuoynanzTurhes-20250416 1295 +9/-10 3699 Tencent Proprietary
14 4 GPT-4.1-mini-2025-04-14 1293 +7/-11 4950 OpenAl Proprietary
14 -4 Quen3-233R-A228 1286 +10/-8 3611 Alibaba Apache 2.0
15 3 Q3-mini:zhigh 1287 +4/-4 19410 OpenAI Proprietary
15 -3 Qwen2.5-Max 1286 +4/-3 23180 Alibaba Proprietary
15 22 Claude..3.5.S0onnet... (20241022) 1286 +2/-3 65435 Anthropic Proprietary
15 =7, Gemini-2.0:-Flash-0Q01 1285 +3/-4 24913 Google Proprietary
15 -3 Gemma-3- 1281 +4/-5 12343 Google Gemma

21 -3 DeepSeek-V3 1277 +3/-4 22838 DeepSeek DeepSeek

23 -4 Gemini-2 Elash-Lite 1270 +4/-3 25020 Google Proprietary
23 -2 o3-mini 1269 +5/-4 24918 OpenAl Proprietary

https://Imarena.ai/ >



