s 240606
~IRREZERTET )L EMamba~

M2 LBF



v BIEE
S A A=
- F—FFOF v
_ tRE

v IRREZEFEEF )L
— JRREZERIES )L : SSM: State Space Model
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Mamba: Linear-Time Sequence Modeling with Selective State
Spaces

=

v Mamba (ZERMIREZERET IV A LUIEH LW —F57TF v
- BERMREEND, > —T > ARICHIBMEDRT—U >,
HE 5w BF e ORRAZIE NN VT EK
v TransformerX— ADEFTILEART, BIIRED) (S A—FE
TENZYEZRT

I
S4 https://arxiv.org/abs/2111.00396
H3 https://arxiv.org/abs/2212.14052

Mamba https://arxiv.org/abs/2312.00752

ViM https://arxiv.org/abs/2401.09417

MambaOut https://arxiv.org/abs/2405.07992

Qiitaf#sit https://qiita.com/peony_snow/items/649ecb307cd3b5c10aa7
HIPPOEH, https://zenn.dev/izmyon/articles/8374a11d272602

X7z5|F https://zenn.dev/kotoba_tech/articles/3eb0984d8fdfb8
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» Transformer (Attention (C3EB)

- HE5R © @ 0(LH) BEAN%E

- SR : @ AiF{Ee]EE LTRICHL
« RNN

- i © 0(L)

 FlfE - @ AHEAT]
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+ SSM

- HEEm : © 0(L) REDAHE

o Z||l%E - @ LI /B 1DBRID"IRRE"
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IRREZEREIES)LH3 (T U TMLPEE A
— MambaldTransformeri EEBRICT OV V& ER TESE

F L .

: : | Linear
SSM SSM projection
4@ (ET) %T) (EE) Sequence
transformation
Conv Conv
| 1 & s
I “ T \ /\ | / \ /\ l / multiplication)

H3 ® Gated MLP — Mamba
SSM : RREZERIETIL
o: sEME (SiLU, Swish)

IEFR1E : Layer Normalization
HEJOvOZEAN (RetNet&[EHR)
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Table 3: (Zero-shot Evaluations.) Best results for each size in bold. We compare against open source LMs with various tokenizers,
trained for up to 300B tokens. Pile refers to the validation split, comparing only against models trained on the same dataset and
tokenizer (GPT-MeoX-20B). For each model size, Mamba is best-in-class on every single evaluation result, and generally matches
haselines at twice the model size.

Model Token.  File LAMEBADA LAMBADA  HellaSwag PIQA  Arc-E Are-C WinoGrande  Averape
ppll  ppll ace T acc T accT acct acct acct acc T
Hybrid H3-130M  GPT2 - HU.48 2597 31.7 f4.2 .4 242 50.6 40.1
Pythia-160M NeoX M64  3E1D 330 Nz 61.4 432 241 51.9 406
Mamba-130M NeoX 10.56 1607 44.3 353 6.5 45.0 24.3 51.9 4.7
Hybrid H3-360M GPT2 — 1258 48.0 41.5 6.1 51.4 247 54.1 48.0
Pythia-410M MNeoX 9.95 10,54 514 40.6 669 52.1 24.6 538 48.2
Mamba-370M NeoX 328 8.14 55.6 46.5 69.5 55.1 230 55.3 50.0
Pythia-1B NeoX 782 792 56.1 472 07 57.0 271 535 519
Mamba-790M MNeoX  7.33 602 62.7 55.1 721 61.2 29.5 56.1 57.1
GPT-Neo 1.3B GPT2 - 7.50 572 4549 711 56.2 259 54.9 524
Hybrid H3-1.3B GFT2 - 11.25 49.6 526 713 59.2 281 56.9 53.0
OFT-1.3B OFT — 6.64 53.0 53.7 724 56.7 29.6 539.5 55.0
Pythia-1.4B NeoX  7.51 6.08 61.7 521 L0 6.5 8.5 572 35.2
REWEV-1.5R MNeoX 170 T.04 56.4 525 724 605 294 54.6 54.3
Mamba-1.48 NeoX 680 5.04 64.9 59.1 74.2 65.5 328 61.5 59.7
GFT-Neo 2.7B GFT2 — 5.63 62.2 3.8 72.1 61.1 30.2 37.6 56.5
Hybrid H3-2.7B GPT2 - 792 55.7 59.7 733 656 3113 61.4 5H.0
OPT-2.7B OFT - 5.12 636 6.6 748 60" il3 61.0 58.7
Pythia-2 8B NeoX 6.73 5.04 64.7 59.3 74.0 6.1 329 59.7 549.1
EWEV-3B NeoX T.00 524 63.9 59.6 73.7 67.8 331 539.6 59.6
Mamba-2.88 NeoX 622 423 69.2 6.1 75.2 69.7 36.3 63.5 63.3
GPT-J-6B GPT2 - 4.10 6H.3 663 754 67.0 366 64.1 63.0
OFT-6.7B OFT - 4.25 L. r 67.2 T6.3 65.6 349 63.5 62.9
Pythia-6.98 NeoX 6.51 445 67.1 64.0 75.2 67.3 355 61.3 61.7
FWEV-7.4B NeoX 631 438 67.2 65.5 76.1 67.8 i7s 61.0 62.5

v RINRD)Cy FHA XS T D

MERENNIRE

—

Scan vs Convolution vs Attention time (A100 80GB PCle)

? = FlashAttention-2
1000 q — Convolution
7 Scan (PyTorch)
@ 1003 —— Scan (ours)
E 1 % oom
@ 103
E 3
'_ -
13
0.1 o
v
T T T T T T T T T T
512 1k 2k 4k 8k 16k 32k 64k 128k 256k
Sequence length
Inference throughput on A100 80GB (prompt length 2048)
B Mamba 1.4B .
a mmm Transformer 1.3B
@ 1500 Mamba 6.9B e
"] mm Transformer 6.7B
S
-
[=]
= 1000
5
o T4
F
[=]
3
2 500 w - -
£= 361 E™
= 218 28

1 2 4 8 16 32 64 128
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Bl st aUREEZERIES L | ERE
chy = 0DES, I TFDLS [CERILETAE

ho = ﬂh_l -+ B:I?(} = an, Yo = éh{} — éBI’[]
— Ahy + Bz, = ABzxy + Bz, Y = Ch, = CABzy + CBz,

Yk = éhk = ALBC”BU +- ﬁk_lB()@l + ...

vEEDHDELLTOEMHIAHN CRIRBIEE

v x(FADBF R CTHEE &KIFAZE(SERIGTE R EE) =il 5T E N I e
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v S4 BRI (A, A, B) ZHieNEE (4, B) (CEIRI DEREZTEA

— AD'RNNDGT —F o > IO E|I =Rz 9
—ARRENWEZT Rz Utvy hT B
— ADVPNENEE IRRE 7&1%%@“5
h'(t) = Ah(t) + Bz(t)
y(t) = Ch(?)
h; = Ah;_{ + Bux;
= Chy

— (CB,C4B,...,CA"B,..))
y=zx K

A = exp(AA) B = (AA) ! (exp(AA)

—1)-AB
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@R
https://zenn.dev/izmyon/articles/8374
a11d272602#hippo-(high-order-
polynomial-projection-operator%3B-
%E9%AB%98%EG6%AC%A1%ES%A
4%9A%E9%A0%85%ES5%BC%8F %
E6%8A%95%E5%BD%B1%EG6%BC
%94%E7%AE%97 %ES5%AD%90)
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- RINDEIE - RYIBDOLEE N EEE — H3
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. Hungry Hungry Hippos : H3

v Induction Head & Associative Recalllf8eZ=tiE U o RREZERIES )L
_ Induction Head : IREDORIIUGIHN S, ROZR5ZFH|
— BEDORY[EHRDOERSFF
— Associative Recall : 77)L T 7Y hEF OFEZFE
— RAIBEIDLEER
Task Input Output | Sequence Length | Vocab Size
Induction Head abcdelFfghioxyz= T 30 20
Associative Recall | a2c4b3dla 2 20 10
Task Random | S4D  Gated State Spaces H3 Attention
Induction Head 5.0 3516 6.8 100.0 100.0
Associative Recall 2o 86.0 78.0 99.8 100.0
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. H3 Layer
v FEE{LIRREZEREI EF) LS4 (Xt L THRAZ Attention’Z 16111

Y vl 3
43? ? —9
Diag Diag Diag
SSM 3 R
# i
I(x=a) o]
. |
Shift Shift Shift
SSM
| l(x,=a) 3
Q K V ] S
I i I XI’ a xt+? 3 e & ® XN a
X Store key  Store val Recall val
H3 Layer H3 for Associative Recall
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? .
0 otherwise
ShiftSSM DiagonalSSM
Ri&x = T NURBID A D, ZIRDIRRE(CRFF SEITIACDNT, BRD%=

HIPPO O> x> 3> CH#EAL
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Jll H3 | FlashConv

vFFT, R1 > hIOAXRE, FEFFTZRISL,
Tensor Cores CRIZEM (CEE

— 8Kc§td))‘}JT'ﬂ:‘%ﬁEn (%)
— BKZHBZX DGE(FREER 7L TUXALATF v > UICHE
Out
Fused SSM Fused SSM
Block State Block  State
FFTConv FFTConv
| | ]
8K Chunk

FlashConv
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— ABCTIE U TENZENDOENZEAL
= KDOERIETEN TSR0
= iF{EHENTERRL)
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[l ;2 IREIRAEZERIEST )L : Mamba

VIRBEZMETILERADR S (LTI Linear Time Invariance) =f#HHT 34,
Selection Mechanism &Hardware-aware Algorithmz gz
BR
v ) —=FTIFV
v Selection Mechanism
— Selective Copying «— Mamba®=+E

— Induction Heads «— H3
v Hardware-aware Algorithm «— E%& FDT K

— Parallel Scan
— Kernel Fusion
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Jll Vamba | 7—*+5F 0 F v
v IRREZERI TS JLH3(CHT U T Gated MLPZE A L J=MambaBlockDi&[E

i M h

’

: é—‘ Linear
SSM SSM projection
¢ " ¢ © P o
Conv Conv .
‘ | ® (actvamonor
“ \ / \ / \ / \ / multiplication)
| | | |

H3 ® Gated MLP —> Mamba
SSM : JARREZERIESIL
o: sEM{E (SiLU, Swish)

IFFR1E : Layer Normalization
EJOYO%Z8A (RetNet& k)
SSM®DERD THRDETBENITIOND
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[l Selection Mechanism | Selective Copying
BRI Z T I)ILFUTL, BIRNICASZ IE—

g; = g(Linear(x;)) €= Parameterized projection depending on x
h, =1 —g)h;_; + g;1x; €= Inference depending on g

Inﬂuence
How much it
depends on which

Nt-1

o: S0 RE#
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Jll Selection Mechanism | Induction Heads

vIREDORINBIOS -T2 X&2FE U,

8 U/ RHIRTINENZFATD7ILTUX LA
- [AlIB] - - - [A]—[B]

In-Context Learning & EEMHZRL TLVB S LY

The naive understanding
of induction heads
In red: where there

would need to be

much more available Induction
dimensions for things K < head
to work well V>
(removed)
A (compressed) & B Q A
in different subspaces |
Prev
V—»  token
head

&L
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. Selection Mechanism

v Selection Mechanism(IEIIRASXAIRD T ¢ )L 2O BIEeR A,
AT FAMRICWHUTR—U> T3

Copying Selective Copying
Qutput soo . . . . Output aoo . . . .
L L L L cOCEEEE o OEUOEE e
== \ He
e XEXOM L JA5—, SRR

------T"'LII_I-I_i'_A_}
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ll S4& S6MiELN

Algorithm 1 SSM (S4) Algorithm 2 SSM + Selection (S6)
Input: x : (B,L,D) Input: x : (B,L,D)
Output: y : (B,L,D) Output: y : (B,L,D)
1: A : (D,N) « Parameter 1: A : (D,N) < Parameter
> Represents structured N X N matrix > Represents structured N X N matrix

2: B : (D,N) « Parameter 2: B . (B,L,N) « sz(x)

3: C’ . (D,N) « Parameter 3: C : (B,L,N) « s-(x)

4: (D) « 1,(Parameter) 4: A . (B,L,D) « 7 (Parameter+s,(x))

5: A B : (D,N) « discretize(A, A, B) 5. A,B : (B,L,D,N) « discretize(A, A, B)
6: y <« SSM(A, B, C)(x) 6: y « SSM(A, B,C)(x)

> Time-invariant: recurrence or convolution > Time-varying: recurrence (scan) only
7. return y 7. return y
N : Rt Spr Sc . xODFERAZHTRS
B:/)\wFH1X Sy - xODFRAZEI %2 broadcast
L: XR¥E
D:FvRIL
T . softplus

26



il Selective Copying®D 14

v BEFDIRREZEEIES) L ICSelective CopyingZiE A9 D C & THREM L
— S4 : {EE{LIRREZER TS )L
— S6 : & LIRREZERITES )L + Selective Copying

Model Arch. Layer  Acc.

S4 No gate 54 18.3
- No gate  S6 97.0
H3 H3 S4 57.0
Hyena H3 Hyena 30.1
- H3 S6 99.7

Mamba 5S4 56.4
- Mamba Hyena 28.4
Mamba Mamba S6 99.8

Table 1: (Selective Copying.)
Accuracy for combinations of architectures
and inner sequence layers.



Jll Selection Mechanism®D1¥#E

v MambaldRHEMNMRIRICKETWVGE(CHEEEES{E TR /380
— Selection MechanismW AREBRLRRIZMNIBTE S

Induction Heads Extrapolation

1.0 =
0.8 - ; —=— MHA-Absolute
' ; MHA-RoPE
> 0.6 - ; MHA-xPos
e i e H3
§ 0.4 i —=— Hyena
< ,:. == Mamba
i == Random
0.2 ; ---=- Train Length
0.0 5
LI II ] T 1 L L II 1 1 L 1 LI II 1 L L] T L | II T T | I | | II
102 10% 10* 10° 108

Test Sequence Length

Table 2: (Induction Heads.) Models are trained on sequence length
2% = 256, and tested on increasing sequence lengths of 2° = 64 up to
2?0 = 1048576. Full numbers in Table 11.



. Hardware-aware Algorithm | Parallel Scan (1/2)

VIRREZERIET ILDOBIFETE = scan(c A L Cilli 58 % =18

scan
v 7oldPostgreSQLODHLEE
- OTVUZERTED, EOF—T)LhB57—5=ZIBT SHEET
- T=J)LOEAIOIOY IONBIEICGHEMHAY, FEFEN—HITIHZRAE
Parallel Scan
v 76(FPostgreSQL10MDiEE
- =I5 AHFZILFTOCRATITDEHICT—FDBEIDREIDHTEITDS
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. Hardware-aware Algorithm | Parallel Scan (2/2)
v MambalCH | FBDParallel ScanTld, ANZER7ZICHEIUTTHOAKRTETE

_Example SR
sum 76
/ fromleft O \
range 0,4 range 4,8
sum 36 sum 40
fromleft 0 fromleft 36
range 0,2 range 2,4 range 4,6 range 6,8
sum 10 sum 26 sum 30 sum 10
fromleft 0O fromleft 10 fromleft 36 fromleft 66
r 0,1 r 1,2 r 2,3 r 3,4 r 4,5 r 5,6 r 6,7 r 7,8
6 4 |[/S 16 |[[|S 10 ||S 16 ||S 14 |/ 2 5 8
f O f 6 f 10 f 26 f 36 f 52 f 66 f 68
- NEEL, BEE = AN, \o[RseE
output | 6 10 | 26 | 36 | 52 | 66 | 68 | 76 .
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Jll Hardware-aware Algorithm | Kernel Fusion®D#iiz

v ET)UER - FEOMNBNLRYI(EHBM, SRAMRDT —4 DFEEh

_ HBM : DRAMDIEE = —fSDA KL —=

_ SRAM : JUwTJJ0OvIEEE = FrwSaXEY
_ETEEE : HBM <<< SRAM
N HBM >>> SRAM

=» EARFHBMICT—FZESE, HECITFUVHEEINDIT —(ESRAMTULE

=g : AJJ =» HBM = SRAM = HBM

v IBEDOETILDEGTES

—~ QNAP2(CT—AZEBEWTHEUTWA LS RED
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. Hardware-aware Algorithm | Kernel Fusion

v KernelZ§ia UIEO

0L

O

27 Bl

— Kernel : VI rEJ\—RZDIKOS

= XEUEIK

v [EIRF(IC, EMEHEDFTEZSRAMTIT D KD (CT7—

— HBM, SRAMRIDIE{E % &/]\PR3 THIlRX

= =+ B IFfE HIRK

7O F v Z5E
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[l VambadD 24445
v RRE EREUTHIAILSRAM E CTEEZ1TD C & CaTE=HR

Selective State Space Model
with Hardware-aware State Expansion

A
— — re < —
I > > < — >
—_— > » ~, —
—_—— ra > < —
i
he-1 ( ) | ( 1 hy
. |/ I S
Xt \ B — | > C Y
\\ t |/ [ — t
“ —— — 5 N GPU
\ FTT T i e Dt 7y ] SRAM
- GPU HBM

—_———— Selection Mechanism

Figure 1: (Overview.) Structured SSMs independently map each channel (e.g. D = 5) of an input x to output y through a higher
dimensional latent state h (e.g. N = 4). Prior SSMs avoid materializing this large effective state (DN, times batch size B and sequence
length L) through clever alternate computation paths requiring time-invariance: the (A, A, B, C) parameters are constant across
time. Our selection mechanism adds back input-dependent dynamics, which also requires a careful hardware-aware algorithm to
only materialize the expanded states in more efficient levels of the GPU memory hierarchy.
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Jll Mamba | 148k

v ]\ 7>( 99&73 |_.|$£1
K DENTZIEERE

Table 3: (Zero-shot Evaluations.) Best results for each size in bold. We compare against open source LMs with various tokenizers,

El0s=

=5-)L

trained for up to 300B tokens. Pile refers to the validation split, comparing only against models trained on the same dataset and
tokenizer (GPT-MeoX-20B). For each model size, Mamba is best-in-class on every single evaluation result, and generally matches

baselines at twice the model size.

Model Token.  File LAMEBADA LAMBADA  HellaSwag PIQA  Arc-E Are-C WinoGrande  Averape
ppll  ppll ace T acc T accT acct acct acct acc T
Hybrid H3-130M  GPT2 - HU.48 2597 31.7 f4.2 .4 242 50.6 40.1
Pythia-160M NeoX M64  3E1D 330 Nz 61.4 432 241 51.9 406
Mamba-130M NeoX 10.56 1607 44.3 353 6.5 45.0 24.3 51.9 4.7
Hybrid H3-360M GPT2 — 1258 48.0 41.5 6.1 51.4 247 54.1 48.0
Pythia-410M MNeoX 9.95 10,54 514 40.6 669 52.1 24.6 538 48.2
Mamba-370M NeoX 328 8.14 55.6 46.5 69.5 55.1 230 55.3 50.0
Pythia-1B NeoX 782 792 56.1 472 07 57.0 271 535 519
Mamba-790M MNeoX  7.33 602 62.7 55.1 721 61.2 29.5 56.1 57.1
GPT-Neo 1.3B GPT2 - 7.50 572 4549 711 56.2 259 54.9 524
Hybrid H3-1.3B GFT2 - 11.25 49.6 526 713 59.2 281 56.9 53.0
OFT-1.3B OFT — 6.64 53.0 53.7 724 56.7 29.6 539.5 55.0
Pythia-1.4B NeoX  7.51 6.08 61.7 521 L0 6.5 8.5 572 35.2
REWEV-1.5R MNeoX 170 T.04 56.4 525 724 605 294 54.6 54.3
Mamba-1.48 NeoX 680 5.04 64.9 59.1 74.2 65.5 328 61.5 59.7
GFT-Neo 2.7B GFT2 — 5.63 62.2 3.8 72.1 61.1 30.2 37.6 56.5
Hybrid H3-2.7B GPT2 - 792 55.7 59.7 733 656 3113 61.4 5H.0
OPT-2.7B OFT - 5.12 636 6.6 748 60" il3 61.0 58.7
Pythia-2 8B NeoX 6.73 5.04 64.7 59.3 74.0 6.1 329 59.7 549.1
EWEV-3B NeoX T.00 524 63.9 59.6 73.7 67.8 331 539.6 59.6
Mamba-2.88 NeoX 622 423 69.2 6.1 75.2 69.7 36.3 63.5 63.3
GPT-J-6B GPT2 - 4.10 6H.3 663 754 67.0 366 64.1 63.0
OFT-6.7B OFT - 4.25 L. r 67.2 T6.3 65.6 349 63.5 62.9
Pythia-6.98 NeoX 6.51 445 67.1 64.0 75.2 67.3 355 61.3 61.7
FWEV-7.4B NeoX 631 438 67.2 65.5 76.1 67.8 i7s 61.0 62.5

v SRR E (£ Transformer®

4~
455

SfEEIR
(CRAE

Scan vs Convolution vs Attention time (A100 80GB PCle)

? = FlashAttention-2
1000 3 Convolution
7 Scan (PyTorch)
@ 1003 —— Scan (ours) "
E 1 % oom
@ 103
E 3
'_ -
13
0.1 o
v
T T T T T T T T T T T
512 1k 2k 4k 8k 16k 32k 64k 128k 256k 512k
Sequence length
Inference throughput on A100 80GB (prompt length 2048)
B Mamba 1.4B .
a Transformer 1.3B
@ 1500 Mamba 6.9B e
] mm Transformer 6.7B
S
-
[=]
= 1000
5
o T4
F
[=]
3
2 500 w - -
£= 361 E™
|- 247 265 261
e Bleon oo o[ o
1 2 4 8 16 32 64 128

Batch size

"KEVIGS(CHEE
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. Vision Mamba: Efficient Visual Representation Learning with
Bidirectional State Space Model

v RABHARRZEMET L ZERAU CRRFBZITDO LT,
= AHRE BEIRORNZRM 7RLIE 2 1] §E(C

l
(T T e === - \
! [ | Projection Layer i MLP & Prediction : - p ~ o d\ Lx
. , _, Forwar | Forwar
i Patch Tokens ! i : gj X | Convld | 1 ssm ) *
| B position Embed. | Vision Mamba Encoder 1 g ) § :
i R J 1 Be [j_ Backward Backward\
|
1 % Class Token ! ttttrrttttto g » Norm > »D
. ;012 3 4 5%6 7.8 9 1 '3 _ Convid ] | SSM 1
N T T O A B | I3
| =
Inpu Iage Flatten & Linear Projection | @ ﬂ‘ | Activation}
: (
R dliﬁﬁ :
l
l

Vision Mamba (Vim) Vision Mamba Encoder

Backward : &AW SHEINDIRRESTZ
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[l Vision Mamba | MAFEREZRETIL

vRIAME, BAMBOREER Z1TD & CTRIRDEHRZZE0IEE
— BI75M], A MOES (FFEROUNIE

N

RIZS BIDIRREES RT3 EDIRRE

f

0
N

F : Bl A BIOIREEEZI TS G : BABIDIREEEFZITS
H : BRI mOERITTS I : B mOEHIITS

w: JOBRJAX w: JOEXR AKX

v 8URl X v 8URl X
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il Vision Mamba |

ZIIAUX A

Algorithm 1 Vim Block Process

Require: token sequence T; 1 : (B,M,D)
Ensure: token sequence T : (B,M,D)
: /* normalize the input sequence T} ;| */

: T 1:(B,M,D) « Norm(T; ;) e J—_E%E'ﬂ:.

1

2

3: x: (B,M,E) < Linear™(T}_,)

4: z: (B,M.E) « Linear”(T;_;)

5: /* process with different direction */

6: for o in {forward, backward } do

7. x,:(B,M,E) «+ SiLU(Convld,(x))

8: B, :(B,M N) < Lineary (x ’)

9. C,: (B,M,N) < LinearS (x

10:  /* softplus ensures positive A /

11: A,
Parameter?'))

12:  /* shape of Pa1 ameter?

13: A,

14: B, :

15: Yo

16: end for

17. /* get gated y, */

18: Ymemd

is (E,N) #/

(B,M,E,N) <~ A, ® B,
(B,M.E) + SSM(A,,B,.C,)(x

(B M, E) — Y forward @ SlLU( )

— RRICEIR

1RTTEFHIAG,
RRAZ 21

(B,M:E) — log(l + exp(Linear?(x)) +

: (B,M,E,N) +— A, ®Parametero

o)

+«— SSM

19: yba(kwtud (B M, E) — Ybackward @SILU( )

20: /* residual connection */

21 Tl : (BM D) — LinearT (ylfo-r'wa-r(l + ylr)a(;lfwu,'r'd) + Tl—l G §§%}§%j’1§

Return: T}

D : RN/EDIX,

E : #L5RIRRER T,

N : SSMMDIRTT

— 5427

B
‘/'fﬁl_u:b\uﬂt@gﬁ'ft
— 5-161T _C‘ﬂXTi [EIDXR5 5
ZAUIBL, RE
vT—=5a >
— 17-219THTTSiLUZ AW T
AEIRRY G HEPR
— S1LU(x) = x X a(x)
o 01 REE

.l-\b\

vRIAME, &Sm0 ,U\Ljy
(SHRAZAN + 55 =T =He Cfta
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v DeiT(Data-efficient image Transformer) & LENTEEREN DEXNER

77
75
73
71

Top-1 Acc. (%)

Vim-Ti

46
45
44
43
42

B DeiT-Ti
mAP (%)

Classification

Detection

mloU (%)

41
40
39
38

Sem. Seg.

Ins. Seg.

(a) Accuracy Comparison

2.6

b
o

FPS w/ log scale
o0

[u—
I~

2.5N29
225 =207

205 1.91
1.71 5
,_E
1.57 X
o0
1.26 o
—o—DeiT-Ti Vim-Ti ’
512 640 738 1024 1248
Resolution

(b) Speed Comparison

80

o))
o

GPU Memory (GB)
) +
S S

ooM

=—DeiT-T1 =#Vim-Ti

2
Q
=
[4¥]
=
N
(o 0]
)
o0
4.56
32 420 503 8.13 1114
512 640 738 1024 1248
Resolution

(¢) GPU Memory Comparison

Vision Mambal&
B ARYMIAE 05

38




Jll Mambah'sRbSNBBE (1/2)
v Mamba5SSMZz4 U ClEgELEE Z1TDS (MambaOut)

— D5 AFR(ESSMMIRUVN G HYERED

3N e

ME L)

— PMARENCTEO A FT—2 32 TIESSMA BB A M EREN S L)

/  Linear \

®

<

f
Linear \

Conv

)

» | SSM

¢

5o

Conv

Gated CNN block

(e.g. Our MambaOut)

| I
\ Linear / \ Linear / \\ Linear / \ Linear /

Mamba block
(e.g. Vision Mamba)

Token p Test@2247 Backb |1 X sche
Model Mixing aram —L ackbone T
ode Typec (M) N(Ig)c f\%j APb AP]“
ConvNeXt-T [ V] 442 40.1
VAN-BO [ 5] Conv 4 09 754 :
MogaNcl-T | Conv 5 1.1 79.0 FocalNet-T [*"] 46.1 415
FusterNet-TE Conv 8 0.9 762 SWiH—TJ_[ 427 393
InceptionNeXt-A [07] Conv 4 05 753 ViT-Adapter-S [ [] 44.7 39.9
DeiT-Ti [ 7] Attn 6 13 722 CSWin-T [ ] 46.7 422
T2T-ViT-7 [4] Attn 4 11 717 PVTv2-B2 [2(] 453 412
PVTv2-BO [40] Conv + Attn | 3 06 705 SG-Former-S [07] 474 426
MobileViTv3-XS [77] Conv + Attn 3 0.9 76.7 TransNeXt-Tinyj_l 49.9 44.6
CEMOGMLIY | CoveAw | 6| MO0 YN T 165 421
Vim-Ti [104] Conv+SSM | 7 15 76.1 —
Localvmu Conv + SSM 8 1.5 762 LocalVMamba-TJ_[ 46.7 42.2
EfficientVMamba-T [55] | Conv+SSM | 6 0.8 765 EfficientVMamba-B [ 2] 43.7 40.2
EfficientVMamba-S [52] | Conv+SSM | 11 | 13 787 VMambaV9-T [20] 474 427
MambaOut-Femto Conv 7 1.2 789 PlainMamba-L1 [“"] 44.1 39.1
MambaOut-Tiny 45.1 41.0
ImageNet COCO (Detection)
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D5 Aok ClER b‘J:b‘ble\iEEEl

RIIENNEL, BEREMAEDE
- BECETEENMEX

Mambahi:ks&h 5N BI5H
v RIIENKEVIGE
— M CVA RO EO) L BEADOBENANE - RINENKETVEHRED

v |0 )Fﬁ/>"7\0
— DecoderBEMDEEARRAE

IR, TransformerDLS(C"EDHRX I "TEDSEDTIETHRLY
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~ EX<>

v Mambal&ZEIRMWIRRBZEZRET)LZAWEHUW I —F5F7 0 F v
—JREEZ BN (CHUSIEIR CE B HRIIRDRA I —U D eSS
— BY1 XDTransformer& tENRD EER TEFEE

v FRRTIRIRENE S

— Swin-UMamba : UNet

— Graph-Mamba : GNN

— BlackMamba : MoE (Mixture of Experts)
— Cobra : JILFE-SHIL

— Gamba : 3D Gaussian Splatting
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