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0L AT AMRATHESSM

1. RNNCH K H: ja) i,

» PR SR, RITFEREMINGEE, BRESEHT B A B i 1
> UL P A RR P R MG R AR L # AT, B S
> HERRIEFEAS T BLAZIX — R, [KHERNNGZ 2 1 BON I A4S v, SR 1 A X OR A HE B
> S, e AU KRR R R ——BMER T LSTMAIGRUZE 1B 1T, th R R ZE 5838 i ™ s ma (1
> HRHCEFI R ERE N /1

D GO
( Hidden ) ( Hidden ) ( Hidden ] ( Hidden ]
GO

RNN RNN
(Unfolded)
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2. CNNAL# R )
» et E SR, aTRLIFT I
> RN EERERRUE, B9 20 ERFFIE
> BB AN TR ML AL TR, ASRE FLIEM S i o F G KRR S e &
> BRI, e SR 6 7 HERE A
» HILLTRNN, i EHANHEE UL 2 e A cH, JCHERL S REHI -1 f

Recurrent or Convolutional

name is

B Cc . C
A( State )A ( State ]

B )

My name

v efficient inference X unbounded context
X parallelizable training v parallelizable training
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3. Attentionflt % f 3 ] i .
» W LIFIT IR, IF H ol BL R G Sl 42 R it ok &
> kK43 1) &L 2% BE AN (6] & 4% BEO(LA2)
> KA R 04 Mot S R i S L A T 218

SeF-attentlon

Can be either input or a hidden layer
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A
[x ]
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D fe A
A ’TN
b % 3
B
ill
Continuous-time

J ontinuous dvie
J reguior sompling

A

» h'(t) = Ah(t) + Bx(t)
» y(t) = Ch(t) + Dx(t)

J unbounged context

J ahoent inferene

~\
O gt
R ’
C C & X
| [ . >
) ;?ﬁwm%hwﬁ%ﬁ > L
B B B ;
N - '
= e u
'T"“‘"“""‘"" i
Recurrent Convolutional

v local informorion

J POroieirobie rovnng

Linear Time Invariant& &

(MR AERS)

AT 4

o] AR R EBTR?

1 EHMNRRS ),
hy = Ahy y + By

2 A EYNRS N,

hy 1 _.‘ihv 2" BI, 1

B AR ZER
h{ = ‘_i‘.‘h’ r B 1 .iB;r, 1

+ B-‘" = :: n"‘tn'r" k

EENSSE-RUSEHNR, BRRR h IRFHFEZARTZISMIAEINN
M, EEXE kRN, BRTHESHBAE—MED  HSEE0. MEAREH

HiEFA,

w=Ch =C (X} 4Bz +) = ¥\, CA*Bz, ,
FEETIEAERNEN, BTl IHE s,

(z +h)[t] = S0 z[k]h]t — k]

Non-Linear Time variant& %

(FE M ERS)

AEFE— TRNNILBCNN—Transformer? ? ?
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B 4 RSSM? ——IARA % [a)fEi Ay
1. HAE Y

» BTSSR . SSM & T 51 76 &0 )20 AP REER R, FFIRIEMATIIL T —PMREFOBR . [RaG38 10 4078 %52 R B
> WATH x(t)
» BSIRELR h(t)

\’ fﬁ w ﬁ .. l % ,'f’ 9l] y (t) Dlsf‘:::lfignal Conlilvl\;:n:‘s Signal
Hiold oach vore wisn wiow (M)
/\ = — [ 1 ) J 0 ' ? ) a witip
2' A\It‘ﬁlj-\‘: Time ¢ Time S o . = _” ).YIIY_ E N N gy 5 s | N O F O pam
: 3 N Sutev Be?tesqi\}ation
> h'(t) = Ah(t) + Bx(t) ﬁ | .

BT 1] HH—Gm— -

’ Y(t) - Ch(t) + DX(t) Input I miul'hp:\;— updates during tralning
X(t) N s o = | A _' I

3. B A —— T : | BEE
> h, = thf\F Bx,, hy = Bx, Mambadh D% As | . _ . _ . . .
) yf — Eht Input Outputlj

(sequence) Continuous SSM (sequenc

ik it (@

Discrete SSM
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B fF22SSM? ——IREZTEFEA! (Structured Space Model) he = AZ: 1+ th 1
=C
4. AR U R L e
2 = Chy Kernel CA’B||CAB || CB
=) (.‘—Ull + B.I'-_)) ¢ * ¢ Multiply
= ‘_1 (Aho + Bay) + B”? Input | name is
— (' ( 'l ( 'l BJ() + BJ ) + BJ")) (X) paddmg """""
=C(A-A-Bxy+ A- Bxy + Bz, \
C(i" Bu J:( . l;l +J() B l‘/‘c’“m
= - A x I9
- : Output
ly,)

Xq Y, = CAon + CBx,
> A ARG WEIEH: y, = (CAXB CA*'B .. CAB) (’fj) > WHEHKK = (CA*B TA*'B .. CAB) y=FKx

Xk

G A BUE MR RER B, REREMEABC, AT LUIFTIES

> At AR HGEER: ik, REFESREITMIE, WERERBHIERE, SRNNTEL X —#

[ > NZaet G ROFT, R\UIGME, MR IR 04 K 48 708 A PR A picki ]
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From SSM to S4
1. SSMFa] . CNNFIRNN I K B4 $2 E 1 8B AMT, 1X FESSM B A IXA™ 1] /8

2. FRAITR: HIPPOKERE B (RBEHLYIAA L HIATERE HIPPO Matrix

> AR SES I EEERREZANGEE, ABMAELAEE BB SR
> {#i FIHIPPOKE P & 54 P 1 0 0

1/2 1/2 _
f(zn + ‘]) (2k 3o ‘I) ::rae;z:‘t;urg below the
1 2 0
> HIPPO Matrix Ank '< n + 1 the diagonal
everything above the 1 3 3
KO diagonal

» ML FBEHLAIAGAE — A, (EFIHIPPORT LAY R M 8 X5 ) Rl

> N [ RESRHIPPOA G N2 (YRS R ML K IE SElit, FIHRFES i, A8 A IREH % &ORHIPPO: ) n
[ A=VAV' - PQ =V (A (V'P)(V'Q)") V" P, QKENHN |

3. S4fifl. Structured State Space for Sequences
> A RS HIRE 8], —Fpa] LA O BUCH ik g SSMAR Y

2021 S4——-efficiently modeling long sequences with structured state spaces
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B FromS4toS6 (Mamba)

1. |S45SSMItT IR EL: ABCHIRE, JCH EIRE LA, R HEAE I ZRid AL o R
Hd. —HlZR%Em, TirmAZgta, Malidese A, X
3 FTC 2R e i A X 1 4E P — — e R4

2. WRAFABCARYEMAZZIG WM B TR sSMEL AL br G AR 12
» ABCHIRAEWCIRYE AR 2 (k, AT DL G iX fp oIk FE 14
> AEFERIBEFES LG A SUBE: RS, BARMRMEIR
AT N2 R R SRR A R
y2 = Ch,
e C(Zzhl + EzXz)
= C(A2(Ahy + Byx;) + Byx;)

Kziifzk'iff

Mamba: Linear-Time Sequence
Modeling with Selective State Spaces

= Pk B (Bixed + Bie) & Byed) AEBEIFENNFNRFES

= szzlﬁoxo + CZzﬁlxl + C§2x2

Copying Selective Copying

oupt NNNANANNNN---NNBEEBEEN o~ NNNNANNN--NNEBEEE
ot EEEBCOO---00AEENR ~» (B EE--EAEEN

\»_ i | 1 I Induction Heads

Perfectly solved by LTI [e.g. convolutional] models thot do net need to look at the actud inputs - . - - . . ! 288 D D . — .

Solution

I/
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Selective State Space Model A .
with Hardware-aware State Expansion ATt ARXEARIE? A0t

— 2R B a7
—_— 7 = - —
- = 3 e
s 3 * =
'-t-‘ N
he—q —[ ] E L i l h,
X, —-\\\ Bt L i N Ct : Vi
- \\ 2 -
= R - oty Discretise rT—"A"- -
u s .

Ny Selection Mechanism

> fEABREFEAZ ki N\ L diE B =)

2. BRI AT IE A
> EREREE, Bt T — AR TR A
> /D HBM 5 SRAMIE {5 1K L

3. FHEHISSME 1Y
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B Mamba ) ARG HT

SRR
> BCRRNAMA SR IR AN M FEFE, RTABLN]
> DA EAR R KIFERE, ST AB LD

1,

Y

A, B2 AR “4t Xtbatch A B — 2 B MO BRI TE, 2845 % R e B

> BTELMNBEEILAEERE S, RARINA B2, RitRAiE
FA3FIH A, B 2R T BRI

r

AT CABZ LR [B LD N)I ), — i, iR BEERN K, 5,
il b SCHE S A AT E S, R R W E 2 AU i R R el SEBLABHY
241k

h.€L[B.D. N]

X €[6,1. Aihe,€[B.D.N]

AAGLG D,N] : Buxa €[B.P,N]

BL € [ B. D / N]

» h(tesy) = e4Th(ty) + (e4T — l).:"‘gx(tk) il A =exp(Ad) . B = (AA) *(exp(AA) — )AB

> ht = th-l + l-?xt_l

> ye=Ch

Algorithm 1 SSM (S4)

Input: x : (B,L,D)
Output: y : (B,L,D)
1: A : (D,N) « Parameter

ol N T

o Represents structured N X N matrix

B : (D,N) « Parameter

C : (D,N) « Parameter

A : (D) « 7 (Parameter)

AB: (D,N) « discretize(A, A, B)
y <« SSM(A, B, C)(x)

7: return y

> Time-invariant: recurrence or convolution

Algorithm 2 SSM + Selection (S6)

Input: x : (B,L,D)
Output: y : (B,L,D)

—

Om&y.o_h)

: A : (D,N) « Parameter

& Represents structured N X N matrix

B : (B,L,N) « sg(x)
C : (B,L,N) « sq(x)
A (B L,D) « t,(Parameter+s,(x))
: (B,L,D, N) « discretize(A, A, B)
y — SSM(A B, C)(x)

return y

o> Time-varying: recurrence (scan) only
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Algorithm 2 SSM + Selection (S6)

Input: x : (B,L,D) I W
Output: y : (B,L,D) . projection "~
1: A: (D,N) « Parameter |
> Represents structured N X N matrix
2: B : (B,L,N) « sg(x) : _
3: C: (B,LN) « sq(x)
4: .1_3_:.(__B,L,D) « 1,(Parameter+s,(x)) SSM r_
s: A, B : (B,L.D,N) « discretize(A, A, B) - |
6 .

DR SSM(X, E. C)(x) @D activation

activation o multipiication .

o> Time-varying: recurrence (scan) only | Convolution |
7: return y
L
SC (x) — LinearN (x) '.‘,’:‘- O,'ec.y::;n','

[

S,(x) = Broadcastp(Linearq(x))

T), = softplus
EFEHNEIRFERE FAEX=", EAZREHAZTLH

1.%IAx(B,L,D), HEMEREIR/IB(B, L N), S— M EIEEERAC(B, L N), B=NEEERERADelta(B, L, D), BiEMsoftplusFiERENE, 8FIA(B,L, D).

2. RG5EMEA(D, N) BET SR TINE,. FEHA(B, L, D)AMEAFIB: A:torch.einsum(’bld,dn — bldn', A, A); B:torch.einsum('bld,bin — bldn’, A, B) 8% B (B,L,D,N)
3ITERZEh: N E—BIZIh(B, L, D, N) Fi+EFAVAZE hyow: torch. einsum(’bldn, bldn — bldn', A, h) + rearrange(x, 'bld - bld 1") x B JIR{\BEFE,

4 3t8E4Hy: torch.einsum(bin, bldn - bld', C, hp.,) XEBYNHEERSXHEE—HT .
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B Mambaff] B ARG

2. TR A
» AT ——iE R 51% (selective scan algorithm)
> G RAERRMASSM, MRE X T —FF “m” &5, EF TS, “Em” BERRIFTH:

® ®
esjjen]

Sequential computation O(n) i —

Sweep-down

: Sweep-up

Parallel computation O(n/t)
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B Mambalf] B A& GIHT CAzAlB()XO + CAzlel + CBzxz
2. BEfFRASEE
» AT ——iEFE R 5L (selective scan algorithm)
> B GBURRGASSM, M2 E X ©—FBi “n” &%, TSR, CEmT RER AT
> FEUESERERWT S R RE A £X, SR x, RAVEFERZIT x, K90 GEFEBCR: x L 2R 1EZF310)
> OEXHTNETOLRE: (Ap, Bexe) @ (Apsrs BearXesr) = (AeArsy, AeprBexe + BrygXesy)
> ZIE RTINS HARRLS I, HOZIE AT IS . BRI GBUET, MR M TIE

NN © @ ® @
b [ % [ P v v W W
ol [ T | Ted | T
\\\ I \\\ l A A Sweep-down
+..,\\\\\ T @+Bx
\ \~7+ rb it ZIZIZ-ZT:Z:ZIZ:Z::IZ::ZZ:ZZ:ZIZZZ:!::ZZZ:Z::IZ::ZZZ:::
\ \\\ A @* Bx & Sweep-up
I I T IoTIn
LN | Dh | i ,
\LNCRENCRE N
+H|lHFH|F|+H|F ]+
| | | | | | | Paralle! computation O(n/t)
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(A¢, Bexe) @ (Aps1s BesrXes1) = (AtAes1r Aes1Bexe + Bey1Xe41)

y2 = Ch,

= C(Zzhl + szz)

= C(A;(A1hy + Byx;) + Byx3)

= C(A,(A1(Boxg) + B1x;) + Byx;)
= CZzzlgoxo + szﬁlxl + C§2x2

| (Ao, Boxo) (4 B,x1)| (}12 §zx;)

L T L L R e T

(AoAl,AlBoxo + lel) | Bx + Bx
A A Sweep-down
(. )+
(AgAy Az, Ay (Ay Boxo + Byx,) + Byxz) W N Fo—

............................................................................

D) (G0 (G ()

v2 = C(A2(A1Boxp + B1x;) + Byx3)
T Saraner compuranon utnm

FARy3ME?

(A0,Byxo) || (A Byx) || (42,Byx2) | (43,Bsxs)

@ @ & ©

.................................................................

Bx + Bx (A2A3,A3821'2 + B3X3)
; ;\ A Sweep-down
(AOA A A3 A2A3(A180x° + lel) + A3Bzx2 + B3X3) +Bx
(H )+ 8x & Sweep-up
1 IS NISTOR] . (DR S—
‘ H, ' ( H.‘ ] r Hy ] [ Ha 1

v3 = C(A3A3(AByxy + Byx,) + A3Byx; + B3x;)

ParanercomputaTton oy
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B Mambal EALG]Hr
2. MEECRSEE

WH RS T RIRE N R BE, EEFTETHAS

> f'JﬂJSSMli%JvﬁEn’im’J B3, SRR RN TR 2 MAESRAMSE R fHELZ T, Transformer & 17 5 I K, ik e BOX Fh 1%
» HBM: S-RIEWEAL, Pet 7 HE4E0) GDOR A, SACAYINEE. M58, HILE TSRAM, HBM{MZ “fld K7 (1)
» SRAM: SRR A7 X, IGHE R H R
» Transformer {3 & /7 22 o] GESE 75 ZHEBUR & A BUR - HEXMHBMINER FISRAM 22 115, — A HURTE5E 7 2K SRAMIDLHE e,  #F IR K — 4~ Bk
a, Je¥rakv, MSEE G TEE 0 E0E SR R
» SSMIYZEL (J5UNA, B, C, A & FLEE M PISRAM, (ESRAMHLi13EA, B M :4idr, P HEM R, MSRAME[HHBM)

copy copy copy COPY +—— Siow!
DRAM SRAM DRAM SRAM DRAM

Initial tensors —» Calculation —» Write results —» Calculation —» Write results

copy copy

R R

DRAM SRAM SRAM DRAM

Bl
Initial tensors —:Calculation 1 —e Calculation 2:—» Write results

SHAIL19TB/s (20 MB)

HEM:15TB/S (40GB) y
[ Ta ]
J L - 4

DRAM: 128GB/s
(>178)
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B Mamba ) BRG] HT
3. HHTR R AISSMEE 1

A A A
E é} ¢ Lingar .
SSM H,‘j_ 7@—1\ SSM projection
# COD ¢ (@ Sequence '
transformation
Con\l c°nv
I [ Noqlingarity
® (activation or
I \_[_/ \__/ \ / \ / multiplication)
r {
| |
H3 ® Gated MLP — Mamba

MR T+ B RRIE+SSM+]9%
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Selective State Space Model
with Hardware-aware State Expansion

v L 3
=y 1
h
N
'ﬁ
L
A
»
P @
 I—
r g
v ¥ ¥ ¥

;, o;c c'uon Xe \
B,

. \
‘. \ )
i g 'y A
activation o multipiication " \ e e S s t
ey Selection Mechanism

oz M T BB FAET? KBS 5

SSM

@9 activation

.
-, projection .-
Convolution® Recurrence Attention S4
Parameters I:H H? H? H? ) ) )
Training LH(B + H) BLH? B(L2H + LH?) BH(H + L)+ BLH
Space BLH BLH B(L?> + HL) BLH
Parallel Yes No Yes Yes

Inference LH? H? L?H + H?L H?
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DALEAY UMIVERSITr OF TECHAOLDOY

/ CM LZ 02 4 Vision Transformer (ViT)

Transformer Encoder > .#\. Iﬂ 'ﬁ

Vision Mamba: Efficient Visual Representation Learning with Bidirectional Class L x °
State Space Model g‘:l‘} g }Nlielﬁfl 0 -t)]ﬁpatCh
Car

1-DFF%
i B 4w il
EREH

Lianghuiz '*, Bcnchelnfll.ia;)". QSm. Zha{\g". '_)(Sin!ong Wa:;g;“, \:lVenlyu Liu', Xinggang Wang' =
Huazhong University of Science and Technology
* 2 Horizon Robotics  * Beijing Academy of Artificial Intelligence
Code & Models: hustvl /Vim

Transformer Encoder

®

e 7 | - eddtegdddd | |
E 22| | i ] }‘,n Ny , %m v . E 1620481 embodiig Lmeaerjection of Flattened Patches
. " Claification » Sen Sep 3 5 ~LE o/ y £ > Z: Iﬂ E
;z::‘ [.3:3 €4 » ‘ ‘g,‘, 2 "'. ... éii iﬁ é PZTYY
. 3 33 | llj E 5 5 ’“D"T'T'u‘: v'“": 1024 l:'u < ‘“:‘E‘—m 1.-: hu?‘: ::: m ﬁ ﬁ Emb;dded PatCh&tEE
l[::::m'y « '--p-m':; = (b wn:':‘:m- € Gru m::r:" (“:-p-ﬁwn ENEN C I St 0 ke n 1i-L E
PN R 0 0 B0 i S o -~ ” N\ ' s ™
' [ ] Projection Layer | MLP & Prediction : 3 ) = Lx
! - . ? : s Forward | | Forward
: Patch Tokens : p Y gj L Convld J L SSM | \
: 0 | Position Embed. : Vision Mamba Encoder | g |_‘( <7 =
| : e /A o
' CosToka | T I T TTITELT 1[8 Norm Dockward | (B >
. = o o= o ol slelirhishiol 1 [ _ Convid | | SSM |
— A I O L | |E
Rl g Flatten & Linear Projection | @ # _,[ Activation }
I
I dﬁgﬁ .
| \_ v,
Vision Mamba (Vim) : Vision Mamba Encoder
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CAN UMIVERSITY OF

Algorithm 1 Vim Block Process

Require: token sequence T;_, : (B.M.D) ' Rev
Ensure: token sequence T : (B.M.D) 1 ; [ S y Lx

1: /* normalize the input sequence T}, */ : " Forward X o | Forward ) 0

2: T;_,:(B.M.D) + Norm(T;_, B —X —

3 x: (B.M,E) ¢ Linear"(l(‘;_,) : g ~_Convid | SS!M )

4: z: (B.M.E) + Linear®(T}_,) 3 — y !

5: /* process with different direction */ g'_ Tl_]—. { X b'f 0

6: for o in {forward, backward} do @ —_+ Nom —iI,; - Backward L Backward ?__.
7. x,:(B.M.E) « SiLU(Conv1d,(x)) < B Convld . SSM |
8: Bo: (B,M.N) + Linear2(x}) & -

9: C,: (B.M,N)+ Linear®(x}) < r/ '

10: /* .\uhplu\ ensures positive A / 2 ! ! { . : |

11: A, : (B.ME) « log(l + exp(Linear®(x)) + B 725 Activation |

Parameter?)) |

12:  /* shape of Parameter? is (E,N) %/ ==

13:  A,:(B.MEN)+ A,® Parameter? /
14:  B,:(B.MEN) « A, @B, Vision Mamba Encoder
15: /* mitiahize h, and y, with 0 %/
16: h,: (B.E,N) ¢ zeros (B.E,N)
17: o (B.M.E) ¢ zeros (B,M.E) . .
18: y S.\'(.\i recurrent */ P' patChSIZe(16)

19:  foriin{0,..M-1}do L VIiM BIOCkﬁE(M)
20: ho=Ao[i 1,5, : ] O ho + Bol:y 1,1, ] © x5[:, 1, 2, None] .
21:  yolyist] = ho @ Col:,i, ] B: Batchsize

5 cattir M:EIA BT KE, BI—ANE&IFS 3% > token
S ey D:192 token i438 i £X

: y){urmnrd (B.M,E) « Y forw (xt‘dQSlLU(Z)

3(_’) Xbacjkulum{ (B, M E) "‘vybarkumdQSlLU(z) N: 16 ﬁﬂﬁﬁﬂ"]gﬁﬁ/SSM E"JQEE
28: T} : (B,M,D) + LinearT(yjorward + Yiackward) + Ti_s E: 384 or 768 D" & H91E & X

29: Return: T
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SREMITERCE
Q)(self-attention) = 4MD* + 2M°D, > “RTEHE

Q(SSM) — 3M(2D)N + M(QD)N’ » —XAERE (BEAARTEK)
VT !
i Aeation : ke i SRR BRI E |
—— SoftMax : Matrix A (4x5) Matrix B (5x4) Matrix C (4x4) :
T M&k’(om.) | :
,,,,, - =  EEEEE NEEEE NEEEN
e - EIIIII X HEEE _ BEREN
bl o AEEEE " EEEE T EEEN
NN EE HEEEE HEENE
1
\' K Q i . . . . :
' :
' i



B REMTERE
()(self-attention) = 4MD* + 2M°D,

Q(SSM) = 3M(2D)N + M(2D)N.

> “XNBRHEE

SHFEANBIX (B*M*D) & batchsize=1, Bl (M*D)

> —XNERE (BEARTER)

QKT
NL

Attention(Q, K, V) = softmax(

v

Transformer: \ Mamba:

¢ X (M*D) 5Wqgkv (D*D) &%|query. keyFdvalue
(M*D) , BZEMEMD2,F=1"QKVArIUZ3MD?

¢ Q (M*D) F#K (D*M) mEEHFSEIABIANEFER
(M*M) , BEZ&EEM*D

& HUERE (M*M) BV (M*D) uzEE2 R
(M*D) , EZ&EHM?D

¢ FEmz/aZdlinear (D*D) FEI&RLEMNEH (M*D) |

S E AMD?
Ftk S EFEAAMD? +2M*D

ZidMa sy (M, E) tigi2 (M, 2D) |
{7 (M,2D,1)

X(M,2D,1)xB(M,2D,N), +& % ZL & 4 (M2DN)
h(M,2D,N)x A(M, 2D, N)i+E & 2 & 4 (M2DN)
h(M,2D,N)x C(M, 2D, N)i+E & 2« 4 (M2DN)

]
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image ImageNet 80 ‘ — Q 0-“!
Mstd sige RO top-1 acc. ==DeiT —4+Vim '
Convnets §65 | 2
ResNet-18 2242 12M 69.8 550 §
ResNet-50 2242 25M 76.2 g -
ResNet-101 2242 45M 77.4 S35 o
ResNet-152 2242  60M 78.3 = N
ResNeXt50-32x4d | 2242  25M | 77.6 S 20 o
RegNetY-4GF 2242 2IM 80.0 : < 1586
Transformers 512 640 738 1024 1248
ViT-B/16 384>  86M 77.9 Resolution
ViT-L/16 3842  307M 76.5
DeiT-Ti 2242 6M 722
DeiT-S 2242  22M 79.8 2.6
DeiT-B 224>  86M 81.8 2.52
SSMs 0222
S4ND-ViT-B | 2242  89M | 804 go
Vim-Ti 2242 M 76.1 § 18 | 15 170,
Vim-Ti! 224> M | 783422 2 ks z
Vim-S 2242 26M 80.5 =14 X
st 2 i
Vim-S 224 26M | 81.6+11 | T R o
Table 1. Comparison with different backbones on ImageNet-1K 512 640 738 1024 1248

validation set. T represents the model is fine-tuned with our long
sequence setting.
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Figure 3: In TPM, we utilize MTP in an autoregressive manner
to extend the lost tracklets, providing an opportunity for
their trajectories to be re-established in future frames,
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Figure 2: Overview of the proposed Mamba motion predictor.
Temporal Tokenization Layer. For a tracklet i in T, we first
construct the input trajectory feature:
Oin = [of—qsof—q‘l']»"' !of—l] eRqX4v (4)

where q is the size of the look-back temporal window and o =
[0cx, ey, Sw, Sh], with dcy, 5y, dw, and 5h representing the nor-
malized changes of the corresponding bounding box center, width,
and height between two observation time steps. We utilize a single
linear layer to obtain the input token sequence as follows:

X = Embedding(O;y), (5)

where X € R9%4m and d,, is the dimension of the temporal token.

Bi-Mamba Encoding Layer. After obtaining the temporal to-
kens X of tracklets, we feed them into the designed bi-Mamba
encoding layer to explore the motion patterns from the object’s
dynamic history. The bi-Mamba encoding layer comprises L bi-
Mamba blocks. Specifically, to fully utilize the information from
the object trajectory and address the unidirectional limitation of
Mamba, each bi-Mamba block contains bidirectional Mamba mod-
ules: one forward and one backward. For the [-th bi-Mamba block,
the inference process can be formulated as follows:

Xforward = Mamba(X;_),

xback ward = Manﬂ)aback ward (xl -1 )i ()

Y = Xforward + Xbackwardv
X; = Y + LN(MLP(Y)),

where X;_, is the output of the (/ — 1)-th bi-Mamba block, LN is
the layer normalization function [1], and MLP is a two-layer multi-
layer perceptron. The selective SSM is the core of the Mamba [14]
module which is described in Sec. 3.

Prediction head and training. After being processed by the
bi-Mamba encoding layer, an average pooling layer is utilized to
aggregate the information from X;. Subsequently, a prediction head
comprising two fully connected layers is employed to predict the
offsets O. We utilize the smooth L1 loss to supervise the training
process:

L(0,0%) = i Z smoothy, (5,- - &i),i € {ex,cy,w, b}, (7)

where O* = {J,, 6cy, dw, Op } represents the ground truth.
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Figure 3: In TPM, we utilize MTP in an autoregressive manner
to extend the lost tracklets, providing an opportunity for
their trajectories to be re-established in future frames.

Table 4: Comparison of different motion models.

HOTAT IDF1T AssAT MOTAT DetAtT
None(loU) 44.7 36.8 25.3 87.3 79.6
KF 45.9 50.9 30.7 86.3 69.0
LSTM 51.3 51.6 34.4 87.1 76.7
TF 52.5 52.5 35.2 89.3 78.5
MTP 54.9 54.5 38.5 89.3 78.6

For example, if a lost tracklet 7; in lost tracklets T}, receives
no new update at the last time step t — 1 and remains unmatched at
the current frame ¢, we compensate for this missing observation in
an autoregressive manner by considering the predicted bounding
box l;f_l as the actual observation of frame ¢ — 1. We then continue
to predict its spatial location f)f at the current frame. As shown
in Figure 3, if it still fails to match with a new detection in the
current frame, we persist in predicting its future bounding boxes
frame by frame utilizing the motion predictor MTP, leveraging the
historical trajectory sequence 7past = {--- . b, b‘l?'”, ey bf ~1} and
the predicted bounding box f)f in an autoregressive manner:

pi" = MTP(Tpast. b;)- ®)

Since the bounding boxes obtained through autoregression for
lost tracklets are typically less reliable compared to those of active
tracklets, we prioritize the association of active tracklets with the
detection results B; in the current frame. Therefore, the active
tracklets are given precedence in being associated with the detec-
tion results in the current frame. The remaining detection results
are then associated with #;, the predicted bounding boxes of the
lost tracklets. The detailed inference process is described below.

Table 5: Apply MTP to other SORT-like trackers.

Table 7: Impact of different numbers L of Bi-Mamba blocks. Tracker w/ MTP |HOTAT DetAT AssAT MOTAT

45.9 50.9 30.7 86.3

L HOTAT IDF171 AssAT MOTAT DetAT SORTI3

1 52.1 51.8 34.7 89.2 78.5 [ ] ~/ 54.9 (+9.0) 54.5 38.5 89.3

2 54.1 54.4 37.4 89.3 78.7 47.1 70.5 31.5 88.2

3 54.9 54.5 38.5 89.3 78.6 ByteTrack[54]| . |55 (+6.8) 787 371 897

4 52.1 52.1 34.7 89.3 78.5 ) 46.7 53.0 31.9 85.8

2 9 L B s As | |MosSoui] /  |524(+5.7) 767 360 873

Algorithm 1: Inference of MambaTrack at frame t.

10

11

12
13
14
15

16
17
18

Input: Detections: B; = {bf}f‘:1 , tracklets T = {7; }f’: , at frame

t — 1, Motion Predictor: MTP.
Output: Active tracklets Tgcripe at current frame ¢.
/* First Matching */
Tactive,Tlost «T
By — [b},- - ,bM‘] // Detection set of current frame

B,  [by,--- b, ] from Tactive // Predicted bounding
boxes

C; « Cou(Bs, Br) // Cost matrix based on IoU similarity

M, Ty, By, « Hungarian(C;)

Tactive — {ﬂ-upd“te(b{)»v(i,f) € M}

/* Re-find lost tracklets via patched bounding boxes.
*/

Tiost «— Tiost YTy // Lost tracklets

ﬁ — [i’v S ’f’t] from Tlost

Clost < CIoU(13’ Bu)

M, Ty, By « Hungarian(Cjy )

/* Second Matching */

/* Add the re-find lost tracklets to active tracklets
*/

Tactive < {Ti.update(p’), ¥ (i, j) € M}

/* Update the lost tracklets with last predicted
bounding boxes */

for 7 in Tys; do
T.update(T.I;,_l )

end

T « Tiost U Tactive

/* Predict next bounding boxes of tracklets */

for 7 inT do

| MTP(T)

end
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