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State Space Model

p(t) AMATE, x(t) AREE, y(t) AMETE, x(t) AR
TZagth L

System type State-space model
Continuous time-invariant  %(t) = Ax(t) + Bu(t)
y(t) = Cx(t) + Du(t)
x(t) = A(t)x(t) +B(t)u(t)
¥(8) = C(t)x(t) + D()u(t)
x(
y(k
x(

Continuous time-variant

Explicit discrete time-invariant x(k + 1) Ax(k) + Bu(k)

) = Cx(k) + Du(k)
k+1) = A(k)x(k) + B(k)u(k)
y(k) = C(k)x(k) + D(k)u(k)

Explicit discrete time-variant

u X y Laplace domain of sX(s) — x(0) = AX(s) + BU(s)
continuous time-invariant Y(s) = CX(s) + DU(s)
Z-domain of 2X(z) — zx(0) = AX(2) + BU(2)
discrete time-invariant Y(z) = CX(2) + DU(z)
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Input
(sequence) SSM
state equation

h'(t) = Ah(t) + Bx(t) A= (I - A/2 ' A)il(I + A/2 ' A)
r\} output equation —> r\J E _ (I o A/2 . A),IAB

y(t) = Ch(t)
y() - _
aip comection c=cC

Output
(sequence)

x(t)

Algorithm 1 SSM (54)
Input: x : (B,L,D)
Output: y : (8,L,D)
1: A : (D,N) « Parameter
& Represents structured N x N matrix

2: B : (D,N) « Parameter
3: C : (D,N) « Parameter
4: A : (D) « 4(Parameter)
5. A, B : (D,N) < discretize(A, A, B)
6 y < SSM(A, B,C)(x)

> Time-invariant: recurrence or convolution

Algorithm 2 SSM + Selection (S6)
Input: x : (B,L,D)
Output: y : (B,L,D)
1: A : (D,N) « Parameter
&> Represents structured N x N matrix
2 B : (B,LN) « s5(x)
3: C: (B,L,N) «sc(x)
4 A (B L.D) « t,(Parameter-+s,(x))
5: A, B : (B,L.D.N) « discretize(A, A, B)
6y — SSM(A, B, C)(x)

> Time-varying: recurrence (scan) only
7: returny 7: returny

A View of Mamba




Mamba
00000080

Mamba

&ﬁﬂ%ﬁﬁﬁﬁﬁ%ﬁﬁ%%m%&
/\affu F: FATER + s + it E

s Ct Y

L]

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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Vision Mamba: Efficient Visual Representation Learning with
Bidirectional State Space Model
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VMamba: Visual State Space Model
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LocalMamba: Visual State Space Model with Windowed Selective
Scan
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MambaMIL: Enhancing Long Sequence Modeling with Sequence
Reordering in Computational Pathology
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MamMIL: Multiple Instance Learning for Whole Slide Images with

MIL Mamba
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(a) MamMIL Framework
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FusionMamba: Efficient Image Fusion with State Space Model
® J2idh FSSM A3k, w5 — /A EEL 74 B, C A

Algorithm 1 55M Block Algorithm 2 FSSM Block
Input: x: (HW,C) Input: x,x? : (HW, C)
Output: y: (HW,C) Output: y°: (HW.C)

1 At (C.N) — Parameter,

A represents C sets of structured N x N matrices [12]
(HW,N) « Linearp(x)
(HW,N) « Linearc(x)
(HW.C) « log(1 + exp(Lineara (x) + Parametery )
arameler » 18 a bias veclor with a size T C
(HW,C,N) — exp(A® A)
(HW,C,N) — A®B
y — SSM(A,B.C)(x)

SSM represents Eq. 3 implemented by selective scan [11] *

return y

1 A: (C,N) « Parameter,

* A represents C sets of structured N x N matrices [12] *
2f B: (HW,N)  Linearp(x?)
3 C: (HW.N) « Linearc(x?)

B2 > 0@

*SSM upxuuns Eq. 3 implemented by selective scan
return y*
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SurvMamba: State Space Model with Multi-grained Multi-modal
Interaction for Survival Prediction
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MambaDFuse: A Mamba-based Dual-phase Model for
Multi-modality Image Fusion
o RERREG: kiR
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Dual-path Mamba: Short and Long-term Bidirectional Selective
Structured State Space Models for Speech Separation
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ZigMa: A DiT-style Zigzag Mamba Diffusion Model
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SegMamba: Long-range Sequential Modeling Mamba For 3D
Medical Image Segmentation
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The Hidden Attention of Mamba Models

The Hidden Attention of Mamba Models

#:), K;j = ReLU(Sa(#;)Sp(#;) 17,Jv:(\\;»( Z 54(.;“) A
5

[ 0 ) .
v 0 2 NATAJ‘V\>11
y=ax = -
: 0 ~ ,
_ Eq. 17 can be furthe lified to:
v, cuBu) |os 017 can b frther simplifed o
@i ; ~ QiH; ;K; (19)
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