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Figure 1. Left: Average performance gain from integrating Inf-SSM into representative CIL baselines (ER [51], LUCIR [24], X-DER [5], L2P-R [59],
CLFD [37]) on 5-task (5T) and 10-task (10T) benchmarks built from ImageNet-R (INR) [23], CIFAR-100 (CIF) [31], and Caltech-256 (CAL) [17]. Center:
Comparison of Inf-SSM with exemplar-free CIL methods (EWC [29], SI [61], MAS [3], LwF [33]) when regularizing (A,C) on INR. Right: Same
comparison on INR, CIF, and CAL when baselines are extended to regularize (A,B,C), while Inf-SSM regularizes only (A,C). Metrics: AA (↑) = final
accuracy after the last task; AIA (↑) = average incremental accuracy over all tasks; FM (↓) = forgetting measure.

Abstract

State-Space Models (SSMs) excel at capturing long-range
dependencies with structured recurrence, making them
well-suited for sequence modeling. However, their evolving
internal states pose unique challenges in Continual Learn-
ing (CL). Without access to the full distribution of previ-
ous tasks, updates to the state-space dynamics become un-
constrained, leading to catastrophic forgetting. To address
this, we propose Inf-SSM, a geometry-aware regulariza-
tion framework for CL in SSMs. It constrains state evo-
lution via the infinite-dimensional Grassmannian of SSM
observability subspaces, without requiring any exemplars
from past tasks. Unlike classical CL methods that restrict
weight updates, Inf-SSM directly regularizes the infinite-
horizon state evolution encoded by the extended observabil-
ity subspace of the SSM. We show that enforcing this regu-
larization requires solving a matrix equation known as the
Sylvester equation, which typically incurs O(n3) complex-
ity. Thus, we develop an O(n2) solution by exploiting the
structure and properties of SSMs. This leads to an efficient
regularization mechanism that can be seamlessly integrated
into existing CL methods. Comprehensive experiments on

challenging benchmarks of ImageNet-R, CIFAR-100, and
Caltech-256 demonstrate a significant reduction in forget-
ting while improving accuracy across sequential tasks.

1. Introduction

In this paper, we propose Inf-SSM, a novel regulariza-
tion method to equip State-Space Models (SSMs) [20] with
Continual Learning (CL) capabilities, enabling them to inte-
grate new information while preserving previously learned
knowledge without any past exemplars.

State-space models (SSMs) [20] have emerged as struc-
tured sequence models that offer a scalable and efficient
alternative to transformers. Recent architectures such as
S4, S6, and Mamba-2 [8, 18, 20] effectively capture long-
range dependencies with linear computational complexity,
achieving strong performance across NLP, Vision, Genera-
tive Models, Acoustics, and Robotics [18, 34, 36, 48, 62,
65]. In NLP, Mamba [18] has positioned SSMs as compet-
itive alternatives to transformers. In vision, Vision Mamba
(Vim) [65] and its variants [22, 38] have demonstrated
strong performance in spatial-temporal modeling while of-
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fering faster inference than attention-based architectures.
Beyond their performance, SSMs provide intrinsic ad-

vantages such as structured recurrence and linear memory
complexity, making them well-suited for sequence model-
ing. However, a major gap remains: adapting SSMs to
continual learning while mitigating Catastrophic Forgetting
(CF) [44, 45] remains largely unexplored [58]. CF oc-
curs when a model loses previously learned knowledge as
it is trained on new tasks. Despite their promising capa-
bilities, the structured recurrence of SSMs makes continual
and lifelong adaptation non-trivial, demanding specialized
techniques to avoid CF [18, 65].

While well-established CL algorithms designed for
MLPs, CNNs, and Transformers can be directly adapted
to SSMs and yield competitive baselines, such adaptations
typically treat SSM parameters as generic weights and over-
look the underlying state-space geometry and temporal dy-
namics. As a result, they fail to fully exploit the structural
advantages of SSMs in continual learning. This motivates
the development of CL methods that are derived from the
true state-space representation and regularize the model in
a way that is faithful to its geometry.

Our Contribution. A key property of SSMs, as we will
show shortly, is their invariance in system representa-
tions [1, 49]. This allows us to describe an SSM model
using its extended observability subspace [9, 49]. The ex-
tended observability subspace provides a structured rep-
resentation of an SSM, capturing its complete behavior
through an infinite unrolling of the system’s response.

To work with extended observability subspaces, we
adopt the geometry of the Grassmann manifold [26], which
is the natural choice for analyzing subspaces. Such model-
ing captures the system representations’ invariance by iden-
tifying all orthonormal bases spanning the same subspace
as a single point, and endows the space with a smooth man-
ifold structure [1, 9, 54]. However, since the extended
observability subspace belongs to an infinite-dimensional
Grassmannian, direct distance computation is far from triv-
ial. We address this challenge by demonstrating that, for
SSMs, computing distances on the infinite Grassmannian
is tractable, significantly reducing the computational com-
plexity of our algorithm. Solving the computation chal-
lenges allows us to leverage the extended observability sub-
space to retain the model’s past knowledge effectively with-
out the need for storing past examples. This enables Inf-
SSM to be complementary to existing CL techniques, re-
gardless of the availability of past task data or stored feature
embeddings.

As a preview, Inf-SSM substantially boosts the perfor-
mance of existing CL methods when integrated with them
and consistently outperforms memory-less baselines in both
accuracy and efficiency, as illustrated in Fig. 1.

In summary:
• We proposed Inf-SSM, a simple state regularization loss

for CL in SSMs based on the extended observability sub-
space. Inf-SSM is an exemplar-free method and does not
rely on stored information from prior tasks to function.

• We demonstrate that Inf-SSM is computationally effi-
cient by exploiting structural properties in SSMs’ states
to reduce the computational complexity from O(n3) to
O(n2) and reduce the FLOPS count up to 100×. The
simple and exemplar-free design of Inf-SSM makes it
plug-and-play to improve existing CL algorithms, regard-
less of whether they are replay or replay-free methods.

• We empirically validate Inf-SSM across diverse CL
paradigms, where it reduces FM by 9.36% and increases
AA by 8.31% on average across the 5 and 10 task set-
tings on three datasets when integrated with existing CL
baselines.

2. Preliminary
In this section, we will first introduce the notation used
throughout the paper. Then, we will formalize the Class-
incremental Learning (CIL) and Exemplar-free Class-
incremental Learning (EFCIL) problem in §2.1. Finally, we
will review the theory of Grassmannian and SSM in §2.2
and §2.3, which underpin our proposed method.

Notations. In this paper, matrices are denoted as bold cap-
ital letters X and column vectors as bold lower-case letters
x. The n × n identity matrix is shown by In. The di-
agonal elements of X ∈ Rn×n is shown by Xdiag . The
Frobenius norm of \protect \mathbf  {A} \in \R ^{m \times n}   is given by ∥A∥F =√∑m

i=1

∑n
j=1 A[i, j]2 and the Hadamard product of two

matrices A,B ∈ Rm×n is denoted A ⊙ B and defined
entrywise by (A ⊙ B)ij = AijBij . We use x[·] to de-
note discrete-time vectors and x(·) for continuous-time vec-
tors. We write SN(x) = 2/(1 + exp (−x)) − 1 as the
Soft-normalization function [27]. The general linear group
GL(n) is the set of all n× n invertible matrices and is for-
mally defined as: GL(n) = {P ∈ Rn×n | det(P) ̸= 0}.
See §A for additional notation.

2.1. Problem Statement
Let us define a non-stationary task sequence {TT }Nt=1,
where T denotes the task identifier, and N is the total num-
ber of tasks. The data distribution of task T is denoted by
DT = {XT ,YT }; where XT and YT are input space and
class labels, specific to task T . The number of classes in
task T is shown by CT , and the label sets of every two tasks
are disjoint, meaning Yi ∩ Yj = ∅ for i ̸= j.

In the CIL protocol, the task identifier T is not available
at inference time. The EFCIL protocol further tightens this
setting: during training on task T , the model only has access
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to the current data distribution DT , and no samples or fea-
ture embeddings from previous distributions {Di}T−1

i=1 are
allowed. This exemplar-free constraint makes EFCIL more
challenging but also more flexible, as it removes the need to
store data from past tasks.

2.2. Grassmann Manifold
The Grassmann manifold Gr(n, d) is the set of all n-
dimensional linear subspaces of Rd. Formally, it is defined
as

  \Gr {n}{d} = \bigl \{\mX \in \mathbb {R}^{d \times n} \mid \mX ^\top \mX = \mI _n \bigr \}/O(n)\;, \label {eqn:grassmann_definition} 

     


  (1)

where O(n) denotes the orthogonal group of n×n matrices,
accounting for the fact that different orthonormal bases can
represent the same subspace. The infinite Grassmannian
is defined as

  \Gr {n}{\infty } = \lim _{d \to \infty } \Gr {n}{d}, 


  (2)

which encapsulates all possible n-dimensional linear sub-
spaces in an infinite-dimensional Hilbert space [60].

2.3. State-Space Models
Recent structured SSM architectures [8, 18–20, 65] are built
upon the discretized state-space model1:

  \begin {aligned} \vh [t] &= \mA \vh [t-1] + \mB x[t], \\ y[t] &= \mC \vh [t], \end {aligned} \label {Eq:SSM_disc}    

 
(3)

where h[t] ∈ Rn is the hidden state, and x[t], y[t] ∈ R
denote the input and output, respectively. The model is pa-
rameterized by the state transition matrix A ∈ Rn×n, input
matrix B ∈ Rn×1, and output matrix C ∈ R1×n. Classical
formulations assume (A,B,C) to be linear time-invariant
(LTI), while more recent architectures such as Mamba [18],
Mamba-2 [8], and Vim [65] introduce input- or position-
dependent dynamics, effectively yielding time-varying state
transitions. Such a dynamical nature allows a more adaptive
model, but at the same time, poses a significant problem in
regularizing the model’s state.

Moreover, earlier SSMs, such as S4 [20] use a full A ∈
Rn×n, whereas many recent models [18, 19, 21, 38, 65] ex-
ploit diagonal parameterizations of A to improve efficiency
while preserving expressivity. Further details on SSMs,
Mamba, Mamba-2, and Vim are provided in §D.

3. Proposed Method
Our aim is to endow SSMs and their variants with the abil-
ity to preserve their prior knowledge while gaining new.
Consider a network trained on tasks 1:T−1 with parame-
ters ωT−1. Continual learning on the incoming dataset \protect \mathcal  {D}_T

1Details on discretization are provided in §B.1.

Figure 2. SSM at each sequence position τ is characterized by the
infinite-horizon observability subspace O∞ defined by the tuple
(Ã, C̃), and visualized as a trajectory to an infinite horizon. The
colored plane represents the complete set of O∞. Each trajectory
is mapped to a point on the Grassmannian, and the pairwise dis-
tance dGr is illustrated as the geodesic on the sphere representing
the Grassmann manifold.

typically follows two strategies: (1) Regularize the param-
eters for the incoming new data DT , making sure that the
model does not significantly diverge from its initial parame-
ters ωT−1; (2) Regularize the output behavior of the model
to ensure the output space of the new model encapsulates
the previous tasks’ knowledge.

Translating such an idea to an SSM implies regularizing
A,B and C or directly constraining the output yt of the
model. We discuss both possibilities in more detail below.

Regularizing the parameters. One can regularize the pa-
rameters of the SSM, i.e. (A,B,C), leading to

  \text {L}\big ( \mA _T, \mB _T,\mC _T \big ) &= \big \| \mA _T - \mA _{T-1} \big \|_\text {F}^2\
+ \big \| \mB _T - \mB _{T-1} \big \|_\text {F}^2\ \notag \notag \\&+ \big \| \mC _T - \mC _{T-1} \big \|_\text {F}^2\;. \label {eqn:reg_ABC}

 

















  (4)

The problem here is far more significant. The normal
regularization of parameters, while implicitly addressing
the finite horizon problem, is oblivious to the geometry of
SSMs and totally ignores the P-equivalence.

Definition 3.1 (P-equivalence). Let an SSM be represented
by the tuple of system parameters (A,B,C). For an in-
vertible matrix P ∈ GL(n), two SSMs with system param-
eters (A,B,C) and (PAP−1,PB,CP−1) are said to be
P-equivalent since they represent the same system behav-
ior. That is, the transformation: (A′ = PAP−1,B′ =
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PB,C′ = CP−1) preserves the input-output mapping
(i.e., the two systems are indistinguishable in terms of their
external behavior).

This has a significant implication as one can move along
the orbit defined by the P-equivalence without affecting
the system behavior. In other words, there are infinitely
many parameter realizations for an SSM that lead to ex-
actly the same sample path y[t]. As such and to regular-
ize an SSM, the loss needs to be invariant to (A,B,C) →
(PAP−1,PB,CP−1) for any P ∈ GL(n), as illustrated
in Fig. 3. We will show that our algorithm leads to a loss
that is faithful to P-equivalence.

Regularizing the output. Alternatively, one can also reg-
ularize the output behavior of the model. This principle
is the basis of the replay-based methods, which maintain a
memoryM containing representative samples from past ex-
perience. The objective typically enforces consistency be-
tween the current model and its previous version over these
stored samples:

  \text {L}\big ( \mA _T, \mB _T, \mC _T \big ) = \underset {\vx \sim \mathcal {M}}{\mathbb {E}} \sum _{t=1}^{\tau } \big \| y_T[t] - y_{T-1}[t] \big \|^2 \;, \label {eqn:finite_horizon_issue}

 









 
  (5)

with τ denoting the time horizon. Ideally, one would take
τ →∞ so that the entire temporal behavior of the model is
preserved as, in principle, SSMs can induce an output with
an infinite sequence even with a finite input.

As in the EFCIL setting, storingM is not feasible, thus,
we view the model as a dynamical system and consider its
response when excited by random Gaussian input. Such
excitation statistically probes the system and characterizes
its behavior without requiring any stored samples. We will
show soon that this idea allows our algorithm to operate ef-
fectively in the EFCIL regime, achieving the benefits of re-
play without memory while capturing the model’s infinite-
horizon behavior.

Our method. Although vanilla regularization (e.g., Equa-
tion (4)) improves CL performance which we will show in
§5.1, SSMs still suffer from significant forgetting. We ar-
gue that a key reason is that standard penalties ignore the
geometry of SSMs. In particular, moving along the orbit

  \pi = \{(\mP \mA \mP ^{-1},\mP \mB ,\mC \mP ^{-1}), \forall \mP \in \GL {n}\}\;, \label {eqn:pi_orbit}       (6)

does not change the input-output behavior of the SSM, yet
conventional regularizers are not invariant to this transfor-
mation. As a result, they may over-penalize parameter up-
dates that are functionally equivalent and under-penalize
updates that alter the underlying dynamics.

What we propose to do instead is to take into account the
trajectory defined by an SSM and use that to preserve the

Figure 3. Green: Orbit π(θ) of the target SSM θ = (A,B,C);
Blue: Orbit π(θref) of the reference. A state reparameterization
x 7→ Px moves θ to fP(θ) = (PAP−1,PB,CP−1), preserv-
ing SSM’s behavior but changing the Frobenius distance to the ref-
erence. Thus, the Frobenius norm is not invariant to P-equivalence.

knowledge. This perspective is naturally compatible with
arbitrarily long horizons as a byproduct of our construction.
We will discuss this below, but first, we need to take a detour
and introduce the Extended observability matrix of an SSM.

3.1. Extended Observability
Consider studying the behavior for an SSM excited by
x[t] ∼ N (0, 1). The expected response of the system can
be derived as

  \E \big [y[t]\big ] &= \E \big [ \mC \vh [t] \big ] = \E \big [ \mC \big ( \mA \vh [t-1] + \mB x[t]\big ) \big ] \notag \\ & = \mC \mA \E \big [ \vh [t-1] \big ]\;. \label {eqn:expected_y}














 








 (7)

This implies,  \begin {bmatrix} \E \big [y[1]\big ]\\ \E \big [y[2]\big ]\\ \E \big [y[3]\big ]\\ \vdots \end {bmatrix} = \begin {bmatrix} \mC \\ \mC \mA \\ \mC \mA ^2\\ \vdots \end {bmatrix} \vh [0]


























 (8)

In other words, the dynamics of an SSM can be well-
captured by the pair (A,C). The extended observability
matrix is defined accordingly.

Definition 3.2 (Extended Observability). The extended ob-
servability of an SSM with parameters (A,B,C) is defined
as:

  \label {eqn:extended_obs} \mO _{\infty }(\mA , \mC ) \defeq \begin {bmatrix} \mC \\ \mC \mA \\ \mC \mA ^2 \\ \vdots \end {bmatrix} \in \R ^{\infty \times n}.










   (9)

One important emerging property of the observability
matrix for an SSM is that the subspace spanned by the

25080



columns of O∞(A,C) is invariant to the orbit defined by
Eq. (6). More specifically, let S∞(A,C) be the subspace
spanned by the columns of O∞(A,C). Then we have the
following essential result.

Theorem 3.3 (Invariance of the S∞ under P-equivalence).
Let (A,B,C) and (A′ = PAP−1,B′ = PB,C′ =
CP−1) be two equivalent representations for an SSM for
P ∈ GL(n). The subspace spanned by the extended ob-
servability matrices remains unchanged. That is

  \mathcal {S}_{\infty }(\mA ', \mC ') = \mathcal {S}_{\infty }(\mA , \mC )\;.    (10)

This is a well-known result in the context of system iden-
tification in linear dynamical systems (see [27]). We also
provide a proof in Theorem C.2 in §C.2 to have a self-
contained work.

We note that S∞(A,C) ∈ Gr(n,∞). Although with
S∞(A,C), we can describe the expected output of an SSM
uniquely, to use it for regularizing an SSM and deploying
it for CL, we need one more step. That is, given two sub-
spaces on Gr(n,∞), how can their distance/similarity be
measured?

3.2. Distance on infinite Grassmannian
For S,S ′ ∈ Gr(n, d), the chordal distance [60] is defined
as

  \label {eqn:proj_distance_main} d^2_{\text {chord}}\big (\mathcal {S}, \mathcal {S}'\big ) = \|\mathcal {S}\mathcal {S}^\top - \mathcal {S}'\mathcal {S}'^\top \|_\text {F}^2 = 2n - 2\|\mathcal {S}^\top \mathcal {S}'\|_\text {F}^2 





       (11)

As d → ∞ for the subspace spanned by the extended ob-
servability matrix, it is challenging to compute d2chord as
∥S⊤S ′∥2F cannot be computed explicitly. Let Rm×n ∋ O =[
o1,o2, · · · ,on

]
be a full rank matrix. The n-dimensional

subspace spanned by the columns of O can be written as

  \mathcal {S} = \mO \big (\mO ^\top \mO )^{-1/2}, 

 (12)

as shown in §C.3. Hence, d2chord

(
S,S ′

)
can be written as:

  d^2_{\text {chord}}\big (\mathcal {S}, \mathcal {S}'\big ) = 2n - 2\Big \| (\mO ^\top \mO )^{-1/2} \mO ^\top \mO '(\mO '^\top \mO ')^{-1/2}\Big \|_{\text {F}}^2





 






As such, one needs to be able to compute terms such as
G1 =

(
O⊤O), G2 =

(
O′⊤O′), and G3 =

(
O⊤O′) for

observability matrices. The lemma below shows how this is
done.

Lemma 3.4. Let A,A′ ∈ Rn×n and C,C′ ∈ R1×n be
the parameters of two SSMs with the extended observability
matrices

  \mO _{\infty }(\mA , \mC ) = \begin {bmatrix} \mC \\ \mC \mA \\ \mC \mA ^2 \\ \vdots \end {bmatrix}, \quad \mO _{\infty }(\mA ', \mC ') = \begin {bmatrix} \mC ' \\ \mC '\mA ' \\ \mC '(\mA ')^2 \\ \vdots \end {bmatrix}.








  












Define the Gram matrix G ∈ Rn×n as:

  \mG &= \mO _{\infty }(\mA , \mC )^\top \mO _{\infty }(\mA ', \mC ') =\sum _{t=0}^{\infty } (\mA ^\top )^t \mC ^\top \mC ' (\mA ')^t \;.  






Then G can be obtained by solving the following equation

  \mA ^\top \mG \mA ' - \mG = - \mC ^\top \mC '\;. \label {eqn:sylv_O_inf}     (13)

The form A⊤GA′ = G − C⊤C′ is an instance of the
Sylvester problem and can be solved, for example, with the
Bartels-Stewart algorithm [4]. However, the computational
complexity of solving the Sylvester algorithm is O(n3),
which is computationally expensive as n grows larger. As
pointed out in §2.3, for structured SSMs (e.g., when A is
diagonal), we take advantage of the structure to reduce the
computational complexity of G.

Lemma 3.5. Define Adiag,A
′
diag ∈ Rn×1, as diagonal el-

ements of A,A′. The Sylvester equation in Equation (13)
can be written as:

  \mG \odot (\mathbf {1}_n - \mA _{\text {diag}} \mA _{\text {diag}}'^\top ) = \mC ^\top \mC ' 

 

Hence, G can be computed as:

  \mG = \mC ^\top \mC ' \odot \frac {1}{\mathbf {1}_n - \mA _{\text {diag}} \mA _{\text {diag}}'^\top } = \mO ^\top \mO ' \label {eqn:sylv_O_inf_diag}   




  (14)

This reduces the computational complexity of solving
the Sylvester problem from O(n3) to O(n2) and reduces
the FLOPS count from 25n3 of the Bartels-Stewart algo-
rithm [14] to 4n2. In the case of n = 16 in Vim [65], we
reduce the FLOPS count by 100×.

Putting everything together, to compute d2chord

(
S,S ′

)
,

we solve three Sylvester equations in the form Eq. (14) to
obtain G1,G2, and G3, followed by performing matrix al-
gebra on the resulting G matrices based on the form of dis-
tance. This enables us to define a loss based on the distances
of the extended observability matrices for the model of task
T − 1 and the model under training at task T .

3.3. Extension to S6
In S4D [19], and Mamba [18], the dimensionality of each
states are: A ∈ Rτ×o×n, and C ∈ Rτ×n, where τ denotes
sequence length and o denotes outer dimension (or chan-
nels) of SSMs. Each sequence τ consists of o LDS. Thus,
the state transitions, input, and output mappings are time-
variant.

To benefit from the geometry of the extended observabil-
ity, we propose to generate a set of extended observability
matrices, O = {(O∞,t(Ãt, C̃t)}τt=1, where:

  \tilde {\mA } &= \mathrm {SN} \Big (\frac {1}{o} \sum ^{o}_{i=1} {\overline {\mA }_{i, j}}\Big ) \in \mathbb {R}^{\tau \times n} \\ \tilde {\mC } &= \mathrm {SN} \big (\mC \big ) \in \mathbb {R}^{\tau \times n} 
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and Soft-Normalization SN(x) = 2/(1 + exp (−x))− 1 is
applied to enforce Schur Stability [27]. The states are aver-
aged along the outer dimension, as computing distance for
τ × o pairs of SSMs is computationally prohibitive. For ex-
ample, in Vim-small, this will involve 197×384 ≈ 7.6×104
pairs of SSMs, exceeding the VRAM of a single H100
GPU. Additionally, averaging along o also preserves maxi-
mal variance (more information in §D.3). Subsequently, we
use the set O to regularize the model in CL.

3.4. Inf-SSM
To utilize Eq. (11) in continual learning, we propose a com-
bination of state distillation and regularization as illustrated
in Fig. 2. For the set of extended observability matrices for
tasks T − 1 and T as OT−1 and OT respectively, we define
the loss of Inf-SSM as

  \label {Eq:ISM} \Loss {ISM} = \mathbb {E}_{\mathcal {D}_T} \bigg \{ d^2_{\text {chord}}\Big ( \mathbb {O}_{T-1}, \mathbb {O}_{T} \Big ) \bigg \}\;. 








 (15)

Hence, by combining with the classification loss, the total
CL loss is:

  \Loss {tot} = \Loss {cls} + \lambda \Loss {ISM} \label {Eq:final_loss}      (16)

where λ is the regularization strength. Lcls is the classifi-
cation loss for the base model. The full Inf-SSM algorithm
is included in Algorithm 1 under §E. The minimalist de-
sign of Inf-SSM (only one additional hyperparameter λ), in
contrast to some recent SOTA CL methods that may require
more than 5 additional hyperparameters, makes it substan-
tially easier to tune and deploy.

4. Related Work
Continual Learning. Continual learning aims to balance
stability2 and plasticity3 [6, 47]. We focus on the CIL set-
ting [25, 55], where task identities are typically unknown at
test time as described in §2.1.

A central axis in CIL is whether examples from pre-
vious tasks can be stored. (i) In EFCIL, retaining past
samples is prohibited due to privacy, security, or storage
constraints [46, 52]. In this regime, many methods rely
on regularization: EWC [29], SI [61], and MAS [3] esti-
mate parameter importance and penalize changes to critical
weights. Another line of work distills knowledge from pre-
vious models, using logits [33], embeddings [11], or fea-
tures [28, 53]. (ii) When storing or reconstructing examples
is allowed, replay-based methods interleave past and new
data to mitigate forgetting, with ER [51] being a prominent
example. Methods that combine EFCIL-style techniques
with replay are often referred to as hybrid approaches, in-
cluding LUCIR [24] and X-DER [5]. More recent hy-
brids, such as L2P [59], leverage prompt learning, while

2Stability: the ability to retain past knowledge.
3Plasticity: the ability to acquire new knowledge.

CLFD [37] benefits from frequency domain features to fur-
ther enhance CL performance. These methods are particu-
larly effective when memory and privacy constraints permit
replay. We refer to §F.1 for a more extensive discussion on
recent CL methods.
Vision SSM. SSMs have recently attracted considerable at-
tention due to their theoretical ability to model infinitely
long sequences, in contrast to Transformers, which are lim-
ited by fixed token lengths [18, 34, 36, 48, 65]. In com-
puter vision, Vim [65] extends SSM by applying a patch
embedding to images and treating each patch token as a
sequential element processed through bidirectional Mamba
blocks. Subsequent works like VMamba [38] incorporate
a 2D-selective scan to capture spatial dependencies better,
while MambaVision [22] integrates SSM with Transform-
ers to form a hybrid architecture.
Takeaways. While existing CL algorithms are generally
compatible with SSMs, they treat SSMs as generic neural
networks and ignore the rich underlying geometry of SSMs.
Similarly, recent Mamba-based CL methods [7, 32, 63], al-
though effective in their specific scenarios, generally rely on
storing feature embeddings from past tasks and do not ex-
plicitly exploit the geometric properties of SSMs (see §F.2).
Motivated by this gap, we study CL for SSM and, to the
best of our knowledge, introduce the first CL method that
explicitly exploits the geometry of SSMs. Our approach is
complementary to existing CL algorithms and can be used
in both exemplar-free and replay-based scenarios.

5. Experiments
In this section, we first integrate Inf-SSM into CIL meth-
ods to prove its adaptability. Next, we evaluate Inf-SSM
under conditions where (A,C) and (A,B,C) are regular-
ized, comparing its performance against existing founda-
tional EFCIL methods across three different datasets.
Baselines. To demonstrate the versatility of Inf-SSM,
we integrate it with a diverse set of CIL methods span-
ning different paradigms. Specifically, we consider replay-
based method: ER [51], hybrid methods: LUCIR [24]
and X-DER [5], prompt-based method: L2P-R [59], and
a frequency-based method: CLFD [37] as shown in Tab. 1.
To isolate and highlight the benefits of Inf-SSM’s geometry-
aware regularization, in Tab. 2 and Tab. 6, we further com-
pare Inf-SSM independently against flagship EFCIL meth-
ods of EWC [29], SI [61], and MAS [3] from the regular-
ization category and LwF [33] from the distillation cate-
gory. We specifically choose these methods to comprehen-
sively evaluate Inf-SSM while avoiding baselines that are
misaligned with our goal (more details in §J.1).
Datasets. We follow previous CL studies [35, 39, 41, 42]
and use ImageNet-R [23], CIFAR-100 [31], and Caltech-
256 [17]. For all datasets, we split the classes equally into 5

25082



Table 1. AA(% ↑), AIA(% ↑), and FM(% ↓) of Vim-small are reported for ImageNet-R, CIFAR-100, and Caltech-256 datasets over 5
Tasks and 10 tasks benchmarks for existing CL methods and integration with Inf-SSM. Note: Due to differences in batch size and epochs,
the performance of different baselines cannot be directly compared.

Method
ImageNet-R CIFAR-100 Caltech-256

AA±std AIA±std FM±std AA±std AIA±std FM±std AA±std AIA±std FM±std

5-Tasks Scenario

ER [51] 30.91±1.53 56.84±1.21 64.04±1.01 33.00±1.12 59.66±0.79 77.05±1.37 49.94±1.54 70.95±0.98 55.61±1.60

+Inf-SSM 31.26±2.65 59.69±2.02 59.45±3.12 33.78±0.69 60.32±1.12 76.43±0.84 51.39±0.67 71.91±0.26 53.23±0.75

LUCIR [24] 31.18±1.49 60.97±0.94 60.24±1.93 32.77±0.26 62.14±0.54 76.03±0.42 64.79±0.22 80.72±0.50 26.79±0.64

+Inf-SSM 35.35±0.89 59.53±0.85 52.05±0.51 33.10±1.06 62.58±1.80 74.67±1.65 68.63±0.37 80.91±0.66 19.13±0.53

X-DER [5] 47.42±1.45 66.01±0.99 42.99±1.62 42.33±0.54 67.41±0.84 65.07±0.49 58.51±0.06 75.71±0.49 44.84±0.35

+Inf-SSM 52.61±3.01 69.40±1.58 31.00±1.90 48.33±0.70 70.14±0.39 56.66±0.85 68.04±1.48 80.99±0.71 32.11±1.67

L2P-R [59] 31.57±0.34 56.65±0.54 60.45±0.75 35.86±0.96 62.96±0.18 73.03±1.52 31.14±1.49 58.24±0.51 78.66±1.76

+Inf-SSM 33.60±0.54 57.15±0.81 57.63±0.43 36.90±0.31 64.41±0.50 71.71±0.48 34.09±1.17 58.87±0.41 74.77±1.57

CLFD [37] 35.36±1.07 51.80±1.13 30.13±0.41 33.01±1.35 57.10±1.96 69.71±0.82 48.86±1.15 64.78±1.34 33.63±0.30

+Inf-SSM 37.68±2.71 53.28±2.15 28.45±0.48 34.20±2.37 58.31±2.26 67.96±1.77 50.46±2.92 65.91±1.57 32.19±1.78

10-Tasks Scenario

ER [51] 21.21±1.01 50.40±0.78 70.24±0.97 28.03±0.66 57.05±1.25 76.44±0.84 42.78±1.30 66.88±0.06 57.95±1.37

+Inf-SSM 22.10±1.94 52.47±1.12 64.20±2.47 28.75±0.93 57.22±1.57 75.78±1.17 43.71±1.08 67.74±0.22 56.71±1.17

LUCIR [24] 23.63±1.67 56.84±1.28 50.36±1.02 24.04±0.96 53.27±0.73 80.98±1.20 52.24±1.78 72.88±0.75 31.45±1.09

+Inf-SSM 28.60±0.44 57.37±0.63 42.96±1.12 25.72±0.46 56.33±0.53 78.75±0.69 55.44±1.75 74.96±0.51 28.49±1.98

X-DER [5] 39.98±0.32 61.41±0.82 47.56±0.36 34.01±0.38 62.62±0.54 69.53±0.29 48.30±0.77 70.77±0.29 51.57±0.82

+Inf-SSM 44.09±0.64 63.57±0.74 38.72±0.74 47.67±0.80 68.08±0.22 53.01±0.83 60.76±1.48 77.32±0.09 37.42±1.39

L2P-R [59] 23.08±1.04 50.69±0.36 60.45±1.50 22.29±0.41 52.49±0.30 82.70±0.52 24.13±1.09 51.99±1.37 78.89±1.19

+Inf-SSM 24.91±1.51 51.75±0.54 54.25±1.63 23.64±1.70 52.68±0.39 81.22±1.94 25.65±1.68 52.88±0.34 77.11±1.81

CLFD [37] 28.90±0.95 46.72±0.90 31.62±1.83 29.18±1.36 54.67±1.75 62.63±1.74 42.12±0.99 61.57±0.50 31.09±0.25

+Inf-SSM 30.25±1.29 48.78±1.43 30.90±0.97 29.72±1.27 55.50±2.38 61.08±0.56 43.26±0.78 62.52±0.86 29.73±0.97

Table 2. AA(% ↑), AIA(% ↑), and FM(% ↓) of EFCIL methods on ImageNet-R, CIFAR-100, and Caltech-256 over 5-Tasks and 10-Tasks
scenario on Vim-small. Note: Regularization focus is on parameter sets (A,B,C) among all methods except Inf-SSM. Second-best
results are underlined.

Method ImageNet-R CIFAR-100 Caltech-256

AA±std AIA±std FM±std AA±std AIA±std FM±std AA±std AIA±std FM±std

5-Tasks Scenario

Seq 38.36±4.47 61.29±1.76 56.43±5.14 36.68±1.66 61.25±1.41 55.00±2.33 37.58±1.08 60.17±0.95 71.48±1.52

EWC [29] 45.58±2.72 65.62±1.16 47.31±3.18 38.25±1.30 63.12±1.10 50.71±1.20 42.93±1.64 64.27±1.31 64.30±2.24

SI [61] 45.72±3.04 65.18±1.48 47.21±3.34 37.38±1.40 61.78±1.05 53.04±1.35 47.57±0.21 65.29±1.04 57.88±0.43

MAS [3] 44.70±2.77 65.59±0.79 48.23±2.92 37.59±1.44 61.95±1.18 53.13±1.81 44.87±1.19 66.44±1.07 61.00±1.53

LwF-ABC [33] 45.09±6.58 65.69±3.17 40.77±8.26 44.62±2.67 66.81±1.41 38.68±3.77 46.52±2.66 66.58±1.08 59.03±3.43

Inf-SSM 49.34±3.36 67.51±1.47 25.14±3.86 45.18±2.28 67.34±1.86 36.59±3.33 50.75±3.16 67.04±1.43 49.93±3.61

10-Tasks Scenario

Method ImageNet-R CIFAR-100 Caltech-256

AA±std AIA±std FM±std AA±std AIA±std FM±std AA±std AIA±std FM±std

Seq 32.95±1.71 55.36±0.70 58.30±2.19 20.58±1.01 51.37±0.35 71.49±1.20 24.27±1.29 51.06±1.21 79.01±1.36

EWC [29] 41.99±2.28 61.78±2.24 49.02±2.10 22.20±1.11 53.46±0.35 63.92±1.28 28.35±0.34 56.64±0.74 72.73±0.47

SI [61] 41.59±1.17 61.13±1.43 46.81±1.00 20.29±0.62 49.28±1.68 38.33±1.41 27.66±1.00 54.34±1.27 74.69±0.85

MAS [3] 40.10±1.48 61.30±0.64 48.18±1.84 20.44±1.60 49.69±1.55 37.99±1.01 28.15±0.79 55.25±0.70 73.50±0.75

LwF-ABC [33] 41.85±0.82 62.63±0.92 40.10±0.61 24.39±3.25 53.48±1.49 25.29±2.81 35.45±1.16 59.63±0.74 64.32±1.41

Inf-SSM 43.82±1.55 62.82±1.29 36.34±1.54 26.53±3.10 54.24±1.87 24.00±1.80 39.88±2.43 62.28±2.33 55.85±4.05
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and 10 sequential tasks. More information in §G.1.
Evaluation Metrics. Three main evaluation metrics in CL
are (1) Average Accuracy AA, (2) Average Incremental Ac-
curacy AIA and (3) Forgetting Measure FM [58]. AA and
AIA are mainly used for evaluation of overall performance
while FM measures the stability of the model. Ideally, a
high AA and AIA with a low FM are desirable. More de-
tails are included in §G.2.

Implementation details. The backbone architecture is
Vim-Small [65] in all experiments. Detailed hyperparam-
eters are included in §J.2.

5.1. Empirical Results and Analyses
Integration with existing CL methods. Tab. 1 shows that
on average, integrating Inf-SSM improves the correspond-
ing baselines AA by 8.31% and reduces FM by 9.36%.
This underlines the generality of Inf-SSM, as it improves
all metric instances, except for the marginal decrease in
AIA for LUCIR on 5-task ImageNet-R. The benefits be-
come more pronounced as the number of tasks increases,
as reflected by the substantially larger improvements in AA
and FM compared to AIA, indicating that Inf-SSM effec-
tively captures the evolution of SSMs over longer task se-
quences. Notably, Inf-SSM remains effective when coupled
with X-DER, the strongest baseline, where it improves av-
erage AA by 19.61%, and reduces FM by 23.16%.

Observability state parameter regularization. First, we
regularize the state matrices (A,C) in all SSM blocks fol-
lowing each method’s strategy. For EWC [29], SI [61], and
MAS [3], regularization is applied to the parameters that
directly determine (A,C), while LwF [33] is implemented
via distillation on (A,C) (denoted LwF-AC). As reported
in Tab. 6 in §G.3, Inf-SSM achieves an average reduction
in FM of 40.18% and an average improvement in AA of
21.73% over these baselines when regularizing (A,C).

Full State Parameter Regularization. To stress-test Inf-
SSM, we extend EWC [29], SI [61], and MAS [3] to regu-
larize all parameters involved in state-matrix formation and
modify LwF [33] to distill on (A,B,C) (denoted LwF-
ABC), whereas Inf-SSM regularize (A,C) only, placing
it in a deliberately disadvantaged setting. Even under this
configuration, Tab. 2 shows that on average, Inf-SSM re-
duces FM by 14.56% and improves AA by 6.79%. These
results highlight the strength of Inf-SSM in mitigating CF
and empirically support our claim in Theorem 3.3, that reg-
ularizing the extended observability subspace is sufficient
to control the evolution of the SSM’s behavior.

5.2. Additional studies
To complement our results in §5.1, we have conducted five
additional studies: (1) As shown in Tab. 3, Inf-SSM is
significantly faster than recent CL methods like X-DER [5]

while still on par with simple CL methods like EWC [29]
without incurring any task-level overhead for computing the
Fisher Information Matrix (FIM), which requires a forward-
backward pass on the entire task dataset. (2) We applied
CKD analysis in §H.1 and revealed that earlier blocks’ SSM
states undergo fewer structural changes compared to deeper
layers. (3) In §H.2, we applied Inf-SSM on different num-
bers of blocks in Vim-Small. Tab. 7 shows that increasing
the number of Vim blocks regularized will improve the per-
formance by preventing over-regularization in shallow lay-
ers. (4) §H.3 shows how our algorithm improves computa-
tional efficiency and stability. (5) Eq. (15) ignores an impor-
tant aspect of SSM, which is the input mapping defined by
B. Thus, we add a Frobenius norm term to Inf-SSM to form
Inf-SSM+ that regularizes B. While Inf-SSM+ outperforms
Inf-SSM in some scenarios, their performance is similar, as
shown in Tab. 9 in §H.4, which agrees with Theorem 3.3.

Table 3. Latency comparison between Inf-SSM and simple
(EWC [29]) and recent (X-DER [5]) CL methods with Vim-small
on a single NVIDIA A40 GPU.

Operation Mean (s) Std. Dev (s)

EWC Loss (per batch) 0.0095 0.0124
EWC FIM (per task) 181.5038 28.8674
X-DER Loss (per batch) 1.2534 0.0766

Inf-SSM Loss (per batch) 0.0960 0.0384

6. Discussion and Conclusion
Limitations. Inf-SSM utilizes the fact that mainstream
SSMs [18, 19, 38, 65] have A as a diagonal matrix.
While a general A will prohibit the computational shortcut
described in Eq. (14), Inf-SSM remains valid for general
A as the observability Gramians can still be computed
using the general Sylvester equation formulation described
in Theorem C.4. Thus, the diagonal assumption is not es-
sential for Inf-SSM, but a design choice of the mainstream
SSMs’ architecture that enables faster computation.

Conclusion. We propose Inf-SSM to enable SSMs to learn
from sequential tasks while preserving their prior knowl-
edge without the need for previous task distributions. We
constrain model updates by regularizing their extended ob-
servability subspace to retain the model’s knowledge while
remaining faithful to the structure of SSMs. This is made
possible by overcoming computational challenges for dis-
tances on the infinite Grassmannian. Beyond CL, Inf-SSM
holds promise for broader applications. Future work may
utilize Inf-SSM in knowledge distillation and model com-
pression by integrating it with Schubert Varieties [60] to
handle varying dimensionalities and kernel methods [27]
within a Reproducing Kernel Hilbert Space for richer rep-
resentations, potentially expanding its applicability.
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