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Kimi Code

HEBTRNNE, BILNRESETLME,
BERBERIDLAER, SHMTHERERES

CEANINTRGGR curl —fsSL https://code.kimi.com/kimi-cod..
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HE - EROL—Y Y3y MAl (B 2B
E) b\Faﬁ% L 7=LLM —RiTH, 2iFRBS
- NI Coding Agent TKimi Code,

L ] L ] Kimi CLI

Iy ~,
Welcome to Kimi Code CLI! .
Send /help for help infermation.

Model: K2.7 Code

. J
moonshot@KimiCode % introduce yourself
[introduce yourself }

EHR : Kimi CodeRAXR—3 (2026-08-18H118) , https://www.kimi.com/code/ K3X/& : [1] Kimi Code Docs, Model Configuration, https://www.kimi.com/code/docs/en/kimi-
code/models.html
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cudlng Al manpd out on thinking ¥or: max or xhigh.

DieepSWE Terminal-Bench 21 FrontierSWE

GPT-56Sal & o GPT56 561 & 838 Fahle & W

Fable 5 W .0 Kirni K3 a a8.3 Kimi K3 a

Kimi K3 O D Fablie 5 W BE 0 GPTEE Sal &

GPT-5.5 & 670 Opus 4.8 W BA. & GLM-5.2 a

Opus 4.8 Ll 5.0 GPFT-5.5 & 3.4 Opus 4.8 W

GLM-5.2 a 46 Z GLM-5.2 a 2.7 GPT-5.5 ]

Kimi Cade Benoh 2.0 {Intemnal) ProgramBench SWE-Marathon

Fable & ¥ TS Kimni K3 O I s Kimi K3 O I i
Kimi K3 O I, 25 GPFT5.8 500 & s Opis 4.8 ¥ 40.0
Opus 4.8 L) 7T Fabie 5 ¥ 4 GPTE.6Sal & 9.0
GPTEE L] 69.0 Opus 4.8 W 1.9 Fable & ¥ ang
GPT-56Sal & (-] GPT-55 -] 0.8 GPTEE -] 4.6

GLM-5.2 [ =] 642 GLM-52 [ =] 537 GLAM-5.2 a8 120
General & VIsuaI Agents Al maned cut on thinking etori: max or xhigh.

GDPval-AA v Elo BrowseComp AutomationBench

Fable 5 f L74r Kimi K3 O I L Kimi K3 O I o
GPTEESal & 1735 GPTSASsl & a0 .4 GPTEESal & 29 7

Kimi K3 - ____________________________Bi Fakie 5 W B0 Fatile 5 W 2.1
Opus 4.8 " 1563 GPT55 [-] - Opus 4.8 ¥ F2
GLM-5.2 a 1510 Opus 4 B W 243 GPTEE -] 27
GPT-5.5 (<] 1481 GLAM-5.2 a 12.8

JabBench CharXiv |RO) w tocd ZeroBench w' toal (PassEE)

Fable 5 W 57.4 Fable 5 ¥ Fakle & W 4.0
Kimi K3 O I Kirni K3 O I - Kimi K3 O I
Cipus 4.8 W 484 Opus 4.B W &3.9 GPT-E.5 (<] 41.4
GPTE6Sal & 4.4 GPT-5.6 5ol & Bg.1 GPTEE Sal & ang
GLM-5.2 a a1.4 GPT55 [-] BS. O Opus 4.8 L] *.0
GPTES & .3

: Kimi Team, “Kimi K3: Open Frontier Intelligence,” Figure 1 (2026), https://arxiv.org/abs/2607.24653 X&&HKimi K3
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cFR/INT X =T L 2800B. 1~—7 > HTc D DFEME(IE 104B
 INTTORE/INTX=FETILEDDED TH U,

gpt-oss
120B

Qwen3.5

397B

17B active

[1] OpenAl, gpt-oss (2025)

HOERE « /N A =5

[2] Qwen Team, Qwen3.5 (2026) [3] DeepSeek, V4 Preview (2026)

[4] Moonshot Al, Kimi K3 (2026)/ 803 : netroom.ai
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1. LLMOERIC 7 > TW B Transformer - attentiontts
2. attentiont&E D &E{L. Linear Attention

3. DeltaNet & Mamba

4. KimilCfEro N TUL B KimiDeltaAttention\

Kimi®D R Tdh 5KimiDeltaAttentionZIE#E I 5 & Z BEICEICLLMD EFE R E D D
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Transformer

Transformer & (& ?

Attention Is All You Need (Google/ &) TIRESI NS DLLMDR—X EB > TWBETI
Transformer(7 A—% =)L T DO L S BEBHICTE > TW 5B,

1LIEBOHRAHRNRYT NLTR—U V(BEEBEBLIDDUNSBOBEDOEAMNZFNENEERNY NLICEH
2. Attention# (B TCh—7 VRITOERUEZFE - FFNTER S A#H =z FH
3. Linear + softmax CHEDHEXRICRET

7Oy uhigEDREVERAENS

T Oh S5fEZDeep Learning @y
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HiRfclETa«7atrU—2H->TW AttentionldBFE Xz —EICRDH DD TIEHR L,

EITH? Query & Key DFE{EIE TValue z 3E RN
2T r 7] — ® > [z.rfj;.s]

[1.2, 0.4]
A — e . ?EMEB%& (R78)
\Ltappleﬂ : [wﬂlj .

(durian']: (400)

:TEOMNS5/EBDeep Learning @y
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- Query EKeyDEBIEMN S, Valuez EDENIE THRO N RO S
- Multi-Head AttentionTld. ER2ERZEHDHead TIEZ 5

Scaled Dot-Product Attention Multi-Head Attention
, KT
[(Mama ) Attention(Q, K, V) = softmax (Q ) |74
Concat AV, dk
:
— - QK" : Query&KeyD2fEAHE DT DB
Attention h = A
i i EEEE
(nearH{ e JH{ Grear ) - softmax : BRUEZ TEDValueZFH O H )
L 7 0 DE| G NEH
ol CBBICV BT, ValueDIMEM % H

- ¥ : Vaswani et al., “Attention Is All You Need,” Figure 2 / Eq. (1) (2017), https://arxiv.org/abs/1706.03762
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AttentionlIRXICTHE 2 ER/MICEL RS

Key : nf@l —

£ZQueryld. RIFDINTDKey & LT S

: A=QK' e R
<

- m<n - Queryh® n & x Keyh' n &

ﬂfl - Attention scoreld n? {&

- HEECFERAEYIE O(n?)

B : 4,096 tokens — #91,678 5@ Dscore/Head /B
2Query& £KeyD A EDLEEEE

—> HEEZ O(n) ICTELLWH?

= : Vaswani et al., “Attention Is All You Need,” Eq. (1) (2017), https://arxiv.org/abs/1706.03762 Et&E 2 : Katharopoulos et al., “Transformers are RNNs” (ICML 2020),
https://proceedings.mlr.press/v119/katharopoulos20a.html
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Linear Attention

Linear Attention

- softmax% Feature Map ¢ ICBEZ X %
- BOIEFZZE L. BEDKey-ValueZ KR S ICENT 2 (RBEMD L S5 E)

St = S¢—1 + ¢(kt)f0;7 0t = ¢(Qt)TSt

- stE 8 Hattention® O(n?) H5 O(n) IKHSE 3

O O O

BE DattentionlIBEDETOSEHIHE

O O O

Linear attention TTIZFBEI N TWLWATHSIFSB i |
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Linear b n i1
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BEEh - B X 5Key-Value$l fit#h @ #%Kloss (EWLWVF E K W)

‘BENL%

Associative Retrieval

KeyZzEUEE, WK 5
ValueZz IE UK REZ N Z El 5 5E
ER

- JRRE - KeyD R TT I 64
- ¥ W H Linear Attention
- [REEH’Softmax Attention

Linear Attentionld. EREZHH
HW6OEl =B 2 % & Ioss7b“%'\iﬁ'él

BEEY A XDRENELEIT S
REZEZA5LAYT7VI7F953

: Schlag, Irie & Schmidhuber, “Linear Transformers Are Secretly Fast Weight Programmers,” Figure 2 / Sec. 4.1, 6.1.1 (ICML 2021),

https://proceed

ings.mlr.press/v139/schlag2la.html



Delta Attention

Delta Net (FRIZRER T (FEBIEET 2EE DT B)

Linear Attention Delta Net
#TLU WKey-Valuez, ZOFXEFREARET F9. AUKeylCIREMDOKEZHRD

T — _\T
St = Si—1 + kv, St = St—1 + Biki(ve — vy)

Ot = ({4 St Vy = St—r_lkt

Zh-olcDIFE=Z1AH Value !

vy =  Bi(vy — V)

NMEITEROTHZ TE2RLFIELSTED
BfaMETRLZL, REDLRICKHT 5 FHl M%LU’EJIE?'%

[1] Katharopoulos et al., “Transformers are RNNs,” Eq. (9)-(11) (ICML 2020), https://proceedings.mlr.press/v119/katharopoulos20a.html [2] Schlag, Irie & Schmidhuber,
“Linear Transformers Are Secretly Fast Weight Programmers,” Eq. (20)-(25) (ICML 2021), https://proceedings.mlr.press/v139/schlag21a.html XFIR—I DIRREITH] S DA = T
B TEHEE
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State Space Model

Mamba2 ((BEICHR=EZ DT S)

Linear Attention Mamba2 (SSD)

BEDREZZRL. FiLWEHRZELRIT S BEZBRESETHNS. fiILLWEHZ S S

T — T
St = St-1 + ¢(kt)v, St = oy Si—1 + Bk,

-
Ot = ¢(Qt) St Ot = (4, St
ZTHo7zDE R & EZAH .

St—1 = ot St-1 915(7‘31t)’lh;r — Btktv;r

L AR FDTHIZE, o ~ 173 5 R%5. o = 05N
-Bt-%%ﬂ;aﬁﬁfgo kiz7 LA v2 B E U TIREANED

[1] Dao & Gu, “Transformers are SSMs: Generalized Models and Efficient Algorithms Through Structured State Space Duality,” Eq. (2), Sec. 2.4 (ICML 2024),
https://proceedings.mlir.press/v235/dao24a.html ¥EFEXD A_t H_(t-1) + B_.t X_t*"T, Y_t = C_t "TH_t ZRIR— I DEBEAT I, a_t=A_t, k_t=B_t, v_t=X_t,q_t=C_t & L. P_tiFE
TAAREBADEEL TR,



Kimi Delta Attention

Kimi Delta Attention =

@D Mamba2 : BEZRE

.
St = a;St—1 + Bikiv,
BIR—IDH, a tZHIF. BEOREZFZH THSEZTIAD

BEDBE + FHIEEDETIE

+

@ DeltaNet : S8 Z=%&ET1E
St = Si—1 + Bike(v: — 'l_)t)T
’1775 — St—r_lkt

BIAR—I DK, WEDFHIEIELWWaluebEDERL ITEES
A

@ KDA : RESIE-&IC. FHIZEEZETIE

Si1 = Diag(a)St—1
'l_)t — S’v;—_lkt
St = Si_1 + Bik:(

vy — Ty)

T

it 2 7 Pl
HAE D ValueZ M
THIGE A %2 5] 1k

= (I - Btktk;)Diag(at)St—l + 5tkt’0;r7 0t = StTQt

[1] Kimi Team, “Kimi Linear: An Expressive, Efficient Attention Architecture,” Eq. (1), Sec. 2.2-3 (2025), https://arxiv.org/abs/2510.26692
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