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Abstract
Mamba has established selective state space mod-
els as powerful building blocks for long-context
foundation models by replacing linear time-
invariant (LTI) recurrences with input-dependent
selective recurrences. However, efficient training
of such recurrences often relies on specialized
fused kernels, limiting portability across diverse
hardware. We propose SelectLTI, a simple but
effective block that augments an LTI recurrence
with input-dependent modulation to recover se-
lective behavior. The proposed block equips any
LTI state-space layer with sigmoid-gated modula-
tors, making it trainable and deployable without
specialized fused kernels. We evaluate SelectLTI
on Selective Copying, a task designed to isolate
selective-memory behavior in sequence models.
SelectLTI matches or exceeds S6, the selective
state-space operator of Mamba, showing that se-
lective behavior can be recovered from an LTI
recurrence augmented with lightweight modula-
tion using only standard primitives. We position
SelectLTI as a portable building block for efficient
long-context foundation models deployed across
diverse compute environments.

1. Introduction
Long-horizon sequence modeling requires memory systems
that are expressive, stable, and computationally efficient.
This requirement is becoming more important as foundation
models move from a single cloud setting to heterogeneous
inference environments (Bommasani et al., 2021): large
accelerators in datacenters, smaller workstations in labora-
tories, and edge devices attached to sensors. For resource-
adaptive inference, a practical sequence backbone should
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therefore provide not only strong accuracy but also an effi-
cient and portable deployment path under varying hardware
constraints.

State space models (SSMs) have emerged as promising long-
context backbones since they can process sequences in linear
time while maintaining compact recurrent states (Gu et al.,
2021; 2022; Smith et al., 2022; Gu & Dao, 2023; Dao & Gu,
2024). However, once trained, classical linear time-invariant
(LTI) SSMs apply the same dynamics across timesteps and
inputs; as a result, their memory update lacks a selective
mechanism for deciding which tokens to write, suppress, or
retain. Mamba addresses this limitation by using an input-
dependent S6 operator that generates selective state-space
parameters at each step (Gu & Dao, 2023). This content-
aware recurrence is a central reason why selective SSMs
are attractive for foundation models: the current token can
control how information enters and exits the memory.

At the same time, this mechanism often introduces an im-
plementation bottleneck. Efficient training and inference of
selective recurrences typically rely on specialized kernels,
such as custom CUDA kernels, to optimize computation and
memory movement on specific hardware. (Gu & Dao, 2023;
Dao et al., 2022; Dao, 2023; Yang et al., 2023). While such
kernels can be highly effective on the accelerator for which
they are written, they complicate deployment on the other
environments. In other words, a selective backbone may
be algorithmically linear time, yet still difficult to use as a
general resource-adaptive foundation model component.

To this end, we revisit selective SSM design through the lens
of classical physical modeling. Hammerstein, Wiener, and
Hammerstein-Wiener systems represent nonlinear dynami-
cal processes by placing memoryless nonlinearities around
a linear dynamical core (Khalil & Grizzle, 2002; Giri & Bai,
2010; Giri et al., 2009). This pattern appears in physical
systems where the memory dynamics are structured by trans-
port, diffusion, oscillation, or filtering, while nonlinearities
enter through saturation, clipping, dead zones, or readout
effects. The analogy suggests a practical alternative to gen-
erating a new recurrent system at every timestep: keep an
LTI memory operator and place lightweight input-dependent
modulators around it.
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We instantiate this idea as SelectLTI, a portable selective
SSM block. SelectLTI augments any LTI state-space op-
erator, such as S4, S4D, or S5, with small sigmoid-gated
bottleneck modulators at the input and optionally at the out-
put. This design preserves the standard implementation of
the LTI backbone while recovering the selective behavior
needed for long-context foundation models.

On Selective Copying, SelectLTI consistently upgrades
LTI backbones; with S5, validation accuracy improves
from 48.88% to 94.90% while retaining standard-primitive
throughput above 10M tokens/s. The resulting block
matches or exceeds S6 accuracy, whereas an unfused S6
implementation is substantially slower. These results sup-
port our goal of building a selective sequence modeling
block that is easier to deploy across resource budgets and
hardware backends.

2. Selective SSMs and Portability
LTI SSM backbones. An LTI SSM maps an input se-
quence uk ∈ RH to an output sequence yk ∈ RH through a
recurrent state xk ∈ RN with fixed system matrices,

xk+1 = Axk +Buk, yk = Cxk +Duk. (1)

Since A,B,C,D do not depend on the token or absolute
timestep, the same memory operator can be implemented by
recurrent scans, convolutional kernels, or transfer-function-
based formulations (Gu et al., 2021; 2022; Smith et al., 2022;
Parnichkun et al., 2024; Poli et al., 2023). This is attractive
for efficient foundation models, but fixed LTI memory can
struggle when a task requires content-aware writing and
forgetting.

Selective recurrences. Mamba-style SSMs address this
gap by allowing the token to control the recurrent coeffi-
cients. A simplified view of S6 is

xk+1 = Akxk +Bkuk, yk = Ckxk, (2)

where the coefficients are generated from the current input.
This construction makes the memory selective: two tokens
appearing at the same location can induce different write
and read behavior. However, the input-dependent recurrence
is difficult to realize efficiently with a naive implementa-
tion. In practice, feasible training is achieved by specialized
fused kernels that reduce memory movement and exploit
hardware-specific parallelism. The resulting implementa-
tion is powerful, but it also ties the selective backbone to a
narrower software-hardware path.

A resource-adaptive view. The relevant question is not
only whether a selective backbone can be fast on a single
accelerator, but whether it provides a useful quality-speed

trade-off across deployment budgets. A fused CUDA path
may be the best choice when the target hardware and soft-
ware stack are fixed. A portable standard-primitive path
becomes more attractive when the same foundation model
must run on different accelerators or hardware where custom
kernels are unavailable.

3. SelectLTI for Portable Long-Context
Inference

Selective recurrences obtain content awareness by allowing
each token to induce a different effective state-space system.
In S6, for example, input-conditioned system coefficients
make the effective transition and input/output maps vary
with the time index, so the model no longer reduces to
the standard LTI convolution or fixed-coefficient scan used
by classical SSMs. However, this flexibility is expressive,
requiring efficient implementations that carefully control
memory movement. For portable long-context inference, we
therefore seek a middle ground: retain the LTI state-space
propagation so that standard implementations remain usable,
while adding enough input dependence to recover selective
behavior.

SelectLTI realizes this middle ground by keeping the LTI
memory propagation in Equation (1) and adding lightweight
input-dependent modulation around it. Given an input token
uk, the block computes

zk = uk ⊙ ginϕ (uk),

xk+1 = Axk +Bzk,

ŷk = Cxk +Dzk,

yk = ŷk ⊙ goutψ (ŷk),

(3)

where (A,B,C,D) are supplied by any LTI SSM core and
ginϕ , goutψ are memoryless modulators. The output modulator
is optional; in our experiments it is used when the backbone
lacks a comparable nonlinear operation.For parameter effi-
ciency, each modulator is designed as a two-layer bottleneck
module,

gϕ(u) =W2 σ(W1u+b1)+b2, R = rows(W1) ≪ H,
(4)

followed by elementwise multiplication denoted by ⊙. Here
W1 ∈ RR×H and W2 ∈ RH×R are learnable projection
matrices, and b1 ∈ RR and b2 ∈ RH are learnable biases.
The function σ(·) denotes a sigmoid nonlinearity, and R is
the bottleneck rank.

Thus, gϕ(u) ∈ RH acts as a feature-wise input-dependent
gate applied by elementwise multiplication. The input and
output modulators share this bottleneck form but use sepa-
rate parameters, denoted by ϕ and ψ. The sigmoid nonlin-
earity provides a simple smooth modulating mechanism, al-
lowing the block to suppress, amplify, or reweight sequence
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(a) Physical motivation (b) SelectLTI for selective foundation models
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Figure 2. Sigmoid-gated bottleneck modulator. The one-
dimensional view illustrates that a rank-R modulator can form
a smooth input-dependent gain by combining shifted sigmoid func-
tions.

content before it enters the memory core, and optionally
before the state-space output is passed to subsequent layers.

Figure 2 visualizes the modulator in the one-dimensional
case. In the case, Equation (4) reduces to a linear combina-
tion of sigmoid basis functions,

g(u) =

R∑
i=1

ai σ(αiu+ βi) + γ, (5)

where each hidden unit contributes a soft transition and the
bottleneck rank R controls the number of such transitions.
This gives a compact way to produce input-dependent gains:
small values ofR provide a smooth gate, while larger values
of R allow more flexible patterns.

In the full vector-valued block, the same computation is ap-
plied through two dense projections and a pointwise sigmoid
nonlinearity. The resulting gain vector is multiplied elemen-
twise with the signal entering or leaving the LTI state-space
core. Importantly, the modulator is memoryless: it depends
only on the current token or current pre-output, and does
not introduce an input-dependent recurrent transition. Thus,
all temporal memory remains in the LTI backbone, while
selectivity is supplied by a small standard-primitive path
consisting of dense projections, sigmoid activations, and
elementwise products.

The input and output modulators correspond to two intuitive
forms of selectivity. The input modulator acts as a selective
write mechanism: it determines which parts of the current
token should enter the long-range memory. The optional

output modulator acts as a selective read mechanism: it
reshapes the signal exposed to later layers or a decoder.
Crucially, this selectivity is introduced without changing
the recurrent coefficients of the LTI core. Existing scan,
convolution, or transfer-function implementations of the
backbone can therefore remain intact.

This design gives simple resource knobs. A practitioner can
choose the LTI backbone, use only the input modulator for
a cheaper block, add the output modulator for richer selec-
tivity, or lower the bottleneck rank R to reduce adaptive
capacity and compute. These knobs are useful for resource-
adaptive foundation model inference since they expose a
continuum between a pure LTI backbone and a more expres-
sive selective block. They are also easy to combine with
standard compression, quantization, or pruning methods,
since the modulators are small dense modules rather than
custom recurrent kernels.

We emphasize the scope of the contribution. SelectLTI is
not meant to replace every optimized selective-kernel imple-
mentation. On a GPU with a mature fused path, S6 can still
provide excellent throughput. Instead, SelectLTI offers a
standard-primitive alternative when portability, extensibility,
or heterogeneous deployment is important.

4. Related Work
Long-context foundation model backbones. Efficient
long-context modeling has developed along several com-
plementary directions. Structured SSMs such as S4, S4D,
and S5 exploited fixed linear dynamics to obtain long-
range memory with scan or convolutional implementations
(Gu et al., 2021; 2022; Smith et al., 2022). Hyena and
transfer-function formulations similarly used long filters or
frequency-domain views to obtain efficient sequence pro-
cessing (Poli et al., 2023; Parnichkun et al., 2024). Mamba
showed that selective SSMs can serve as strong foundation
model backbones by combining recurrent efficiency with
input-dependent memory updates (Gu & Dao, 2023; Dao
& Gu, 2024). Our work keeps the long-context motivation
of this line, but asks whether part of the selective behavior
can be recovered without making the recurrent coefficients
themselves input-dependent.
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Gating and selective memory. Input-dependent gating
has a long history in recurrent and convolutional sequence
models, including LSTM- and GRU-style mechanisms, and
gated convolutions (Dauphin et al., 2017). Recent foun-
dation model architectures also use gating mechanisms in
linear attention, RWKV-style recurrence, gated linear at-
tention, gated delta networks, and gated attention variants
(Katharopoulos et al., 2020; Peng et al., 2023; Yang et al.,
2023; 2024; Qiu et al., 2025). SelectLTI follows a similar
principle: it uses input-dependent multiplicative modulation
to regulate information flow. The difference is architec-
tural placement and modulation form: SelectLTI wraps the
modulator around an LTI SSM core, rather than making the
recurrent transition itself input-dependent, so the memory
operator remains compatible with standard LTI implementa-
tion paths. Moreover, although the bottleneck uses sigmoid
activations, the final modulation vector is an affine com-
bination of sigmoid features and is not constrained to the
interval [0, 1]. It should therefore be interpreted as a learned
modulation signal rather than a purely attenuating gate.

Hardware-aware efficiency and portability. Many effi-
cient foundation model systems obtain speed by matching
algorithms to hardware memory hierarchies. FlashAtten-
tion is a canonical example for attention, and selective SSM
implementations use a similar philosophy by fusing opera-
tions to reduce memory traffic (Dao et al., 2022; Dao, 2023;
Gu & Dao, 2023). Such optimization is valuable; however,
broad adoption requires models that can generalize across
diverse resource constraints. SelectLTI therefore comple-
ments hardware-aware kernels: it provides a portable selec-
tive operator that remains usable with standard primitives.

5. Empirical Validation
Task. We evaluate SelectLTI on Selective Copying (Jing
et al., 2019), a task used by Mamba to isolate the need for
selectivity (Gu & Dao, 2023). Each input contains long
stretches of noise, 16 target tokens inserted at random po-
sitions within a length-4096 prefix, and marker tokens ap-
pended at the end. Since the model must recover the targets,
performance requires both long-range memory and content-
aware filtering. Mamba attributes the failure of LTI SSMs
on this benchmark to their lack of selectivity, identifying
the selective property of S6 as the key driver of its success.

Although this task is synthetic, it captures a minimal struc-
ture that appears in many long-context foundation model
workloads: a long sequence contains mostly irrelevant con-
tent, a few task-relevant events must be retained, and a later
query asks the model to recall those events. Document-level
reasoning has this form when key facts are embedded in
long text, and scientific foundation models often face the
same pattern when rare events appear in long sensor streams

or simulation trajectories. The benchmark therefore iso-
lates the selective memory operation that a long-context
backbone must provide.

Baselines. All models use a token embedding layer, two
SSM layers with channel dimension 64, and a linear de-
coder. We train for 400K steps with batch size 64 and
learning rate 10−3 across three random seeds. S4 and S4D
use their standard gated linear unit (GLU)-based channel
mixing (Dauphin et al., 2017); for these backbones we add
only the input modulator. S5 uses SiLU activation (Ra-
machandran et al., 2017); for S5 we add both input and
output modulators.

For S6, we isolate the selective state-space core used in-
side a Mamba block. That is, the S6 baseline does not
include the surrounding Mamba components such as input
expansion, convolution, or output projection. This keeps
the comparison focused on the state-space memory operator.
Throughput is measured for the full model with sequence
length 4128 and batch size 64 on a single NVIDIA A6000.

Results. Table 1 shows that lightweight modulation sub-
stantially improves LTI SSM backbones on the benchmark.
The largest gain appears with S5: accuracy rises from
48.88% to 94.90%, slightly exceeding the S6 baseline at
93.44%. The same model maintains 12M tokens/s with
standard primitives, whereas unfused S6 reaches only 404K
tokens/s. S4 and S4D also improve by 12.41 and 9.90 per-
centage points, respectively, even though their baselines
already contain GLU-based channel mixing. These results
indicate that input-dependent modulation around the mem-
ory core provides a useful and efficient form of selectivity.

Notably, our S4 and S4D baselines exhibit significantly
more robustness than the ’very weak’ LTI baseline reported
in Gu & Dao (2023). We hypothesize that this discrepancy
arises from architectural configurations. This makes the
comparison more conservative: our baseline already con-
tains a nonlinearity, yet an explicit input modulator still
improves accuracy. The S5 result is more revealing since
the baseline has no comparable gate. There, adding the two
small modulators changes the model from a poor selective-
copying solution into one that matches S6 accuracy. This
suggests that the gain is not simply from adding parame-
ters, but from placing a small input-conditioned gain exactly
where the memory write and read decisions occur.

Resource Efficiency and Adaptability. The improve-
ment also comes without increasing the state dimension
of the LTI backbone. For S5, the parameter count increases
from 10K to 15K, while throughput remains in the same
standard-kernel regime. This is important for foundation
model scaling since the state dimension and memory traf-
fic of sequence layers often dominate long-context cost. A
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Table 1. Selective Copying results. SelectLTI adds a small number of parameters through sigmoid-gated modulators and retains high
throughput using standard primitives. S6 is shown with and without the specialized fused path. Overall, SelectLTI achieves a favorable
accuracy–throughput trade-off, recovering selective behavior while avoiding the kernel dependency of S6.

Backbone Selective mechanism Use custom kernel? Params. Accuracy / Throughput

S6 Input-dependent dynamics No 9K 93.44% / 404K tok/s
S6 Input-dependent dynacmis Yes 9K 93.44% / 24M tok/s

S4 None No 21K 81.78% / 11M tok/s
S4 SelectLTI (Input modulator) No 23K 94.19% / 10M tok/s

S4D None No 21K 77.68% / 13M tok/s
S4D SelectLTI (Input modulator) No 23K 87.58% / 11M tok/s

S5 None No 10K 48.88% / 16M tok/s
S5 SelectLTI (Input+output modulators) No 15K 94.90% / 12M tok/s

Figure 3. Quality-throughput trade-off on Selective Copying.
Square markers indicate LTI models, and circle markers repre-
sent selective models. The result of unfused S6 suggests that fused
kernels are necessary for practical S6 training. In contrast, Se-
lectLTI recovers selective behavior with standard primitives while
keeping LTI backbones above 10M tokens/s.

small bottleneck modulator is much easier to slim, quan-
tize, or remove under a resource budget than a redesigned
recurrent kernel. Thus, SelectLTI provides a practical in-
termediate point between a pure LTI backbone and a fully
input-dependent selective recurrence.

Figure 3 summarizes the quality-speed trade-off. Among the
models that avoid custom fused kernels, SelectLTI shifts the
operating point upward in accuracy while remaining in the
same throughput regime as the LTI backbones. The fused
S6 point is faster on this specific GPU setup, but it depends
on the specialized path that our method is designed to avoid.
The key message for resource-adaptive foundation model
inference is therefore not that SelectLTI dominates all hand-
optimized kernels, but that it recovers selective behavior
while keeping a portable implementation path open.

6. Discussion
Our empirical evidence is obtained on Selective Copying,
which isolates the central behavior studied in this work:

whether a model can perform selective memory updates
beyond what is typically expected from an LTI memory
mechanism. The results show that an input-dependent mod-
ulation can recover much of the selective behavior asso-
ciated with S6 while avoiding dependence on specialized
fused kernels. This supports the view that selectivity need
not be implemented only through a Mamba-style operator; it
can also be induced by placing lightweight input-dependent
nonlinearities around an LTI state space operator.

This observation is useful for resource-adaptive foundation
model inference. Custom fused kernels can make selec-
tive SSMs efficient on supported accelerators, but they also
make the inference path less portable across heterogeneous
hardware. In contrast, SelectLTI keeps the recurrent state-
space computation tied to an LTI backbone and implements
the selective part using small sigmoid-gated modulators,
whose optimized implementations are widely available in
common backends. This makes SelectLTI easier to adapt
across deployment settings: the same block can be deployed
on different hardware backends, without redesigning the
algorithm of computation.

Furthermore, the structure of SelectLTI is meaningful from
the perspective of physical systems. Hammerstein-Wiener
systems model many dynamical processes using static non-
linearities around a linear dynamical core. This pattern is
useful when the dominant temporal dynamics exist, but non-
linear effects arise through sensing, control, saturation, or
readout mechanisms. SelectLTI follows a similar architec-
tural pattern: the LTI state space core carries long-range
dynamical memory, while the input-dependent gates pro-
vide a compact parameterization of nonlinear effects without
making the dynamic operator input-dependent. In this sense,
SelectLTI offers a practical route toward resource-adaptive
scientific foundation models: it retains an interpretable LTI
dynamical memory, adds parameter-efficient nonlinear mod-
ulation, and avoids tying the inference path to hardware-
specific fused kernels.
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7. Conclusion
We proposed SelectLTI, a selective SSM block for portable
long-context inference. By augmenting an LTI state space
core with lightweight sigmoid-gated modulators, SelectLTI
recovers selective behavior without relying on specialized
fused kernels. On Selective Copying, S6 requires cus-
tom fused CUDA kernels for feasible training, whereas
SelectLTI matches or exceeds S6 accuracy using only stan-
dard tensor primitives. We view SelectLTI as a practical
building block for foundation models, including scientific
foundation models, that must operate across changing re-
source budgets and diverse hardware platforms.

Limitation and future work. Although SelectLTI is de-
signed as a candidate replacement for S6, the core selective
state-space component, we have not yet evaluated how it
performs when integrated into a full Mamba-style block.
Future work will develop a theoretical foundation for when
LTI memory with input-dependent modulation is sufficient,
and explore alternative static nonlinearities.
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