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Abstract

Linear recurrent neural networks (LRNNs) pro-
vide a structured approach to sequence model-
ing that bridges classical linear dynamical sys-
tems and modern deep learning, offering both
expressive power and theoretical guarantees on
stability and trainability. In recent years, multi-
ple LRNN-based architectures have been pro-
posed, each introducing distinct parameteriza-
tions, discretization schemes, and implementa-
tion constraints. However, existing implemen-
tations are fragmented across different software
frameworks, often rely on framework-specific
optimizations, and in some cases require cus-
tom CUDA kernels or lack publicly available
code altogether. As a result, using, compar-
ing, or extending LRNNs requires substantial
implementation effort. To address this, we in-
troduce lrnnx, a unified software library that
implements several modern LRNN architec-
tures under a common interface. The library
exposes multiple levels of control, allowing
users to work directly with core components or
higher-level model abstractions. lrnnx aims to
improve accessibility, reproducibility, and ex-
tensibility of LRNN research and applications.
We make our code available under a permissive
MIT license.

1 Introduction

1.1 Context and Motivation
Recurrent neural networks (RNNs) are a classical
approach to sequence modeling, which model con-
text explicitly with a latent state. A conventional
(non-linear) RNN can be described by eq. (1):

xk = α(Wxxxk−1 +Wxuuk),

yk = β(Wyxxk),
(1)

where α and β are non-linear activation functions.
These non-linearities are largely responsible for

*Equal contribution.

the expressive power of RNNs, including results
on Turing completeness (Siegelmann and Sontag,
1995). However, non-linear RNNs suffer from two
well-known limitations: (i) the vanishing and ex-
ploding gradient problem (Hochreiter and Schmid-
huber, 1997), which hinders both training stabil-
ity and the learning of long-range dependencies,
and (ii) the inherently sequential nature of training,
which limits effective utilization of modern parallel
hardware.

Despite these drawbacks, RNNs possess a highly
desirable property: O(1) time complexity for infer-
ence. Transformers (Vaswani et al., 2017), which
have become the dominant paradigm for sequence
modeling, address both gradient instability and se-
quential training. However, they do so by abandon-
ing the notion of an explicit latent state, resulting in
O(n) time complexity for inference due to global
attention, where n denotes the sequence length.

Linear recurrent neural networks (LRNNs) re-
visit the recurrent paradigm by restricting the state
update to linear dynamics while carefully control-
ling stability through parameterization and dis-
cretization. This line of work has produced a family
of models that combine efficient parallel training
with O(1) inference-time complexity, while set-
ting new records on long-range sequence modeling
benchmarks. Moreover, LRNNs possess an induc-
tive bias for signal data, enabling efficient end-to-
end modeling of high-frequency modalities such as
audio and sensor data streams.

1.2 Implementation Challenges
While the theoretical foundations and empirical per-
formance of LRNNs have matured over time, their
practical use remains hindered by the current frag-
mented implementation landscape. As illustrated
in Table 1, existing LRNN architectures differ not
only in modeling assumptions but also in software
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Layer SISO LTI
Public

Implementation
Framework

S4 (Gu et al., 2022) ✓ ✓ ✓ PyTorch
S5 (Smith et al., 2023) ✗ ✓ ✓ JAX
LRU (Orvieto et al., 2023) ✗ ✓ ✗ N/A
Event-SSM (Schöne et al., 2024b) ✗ ✓ ✓ JAX
S6 (Gu and Dao, 2024) ✓ ✗ ✓ PyTorch
STREAM (Schöne et al., 2024a) ✓ ✗ ✓ PyTorch
RG-LRU (De et al., 2024) ✗ ✗ ✗ N/A
S7 (Soydan et al., 2024) ✗ ✗ ✗ N/A
Centaurus (Pei, 2025) ✗ ✗ ✓ PyTorch

Table 1: An overview of contemporary SSM architectures and their existing implementations (SISO: Single-Input
Single-Output, LTI: Linear Time Invariant).

availability and framework choice. For example,
comparing two conceptually similar models may
require switching between PyTorch and JAX, adapt-
ing data pipelines, and re-implementing training
utilities, while reproducing reported runtimes may
further depend on custom CUDA kernels or unpub-
lished low-level optimizations. In several cases,
no public implementation is available at all, forc-
ing researchers to re-implement entire models from
scratch. This makes it difficult to reproduce results,
benchmark models under consistent conditions, or
integrate LRNNs into downstream applications. As
a consequence, using LRNNs in practice or exper-
imenting with them beyond a single architecture
requires substantial engineering overhead.

1.3 The lrnnx Library
We address these challenges by introducing lrnnx,
a unified library designed to make working with
LRNNs comparable to working with standard neu-
ral network layers. The library provides consistent
implementations of multiple LRNN architectures
within a single unified framework, and abstracts
away model-specific engineering details. As a re-
sult, switching between different LRNN formula-
tions - such as changing the state-space parame-
terization or discretization scheme - amounts to
instantiating a different class of the library, with-
out needing to modify the surrounding training or
evaluation code. lrnnx exposes both low-level
building blocks (core recurrences) and higher-level
modules (with activations and skip connections),
supporting fine-grained research and experimenta-
tion as well as drop-in use in existing pipelines for
direct application.

Our contributions in this work include the devel-

opment of lrnnx, a unified framework that stan-
dardizes fragmented LRNN architectures into a sin-
gle interface supported by high-performance cus-
tom CUDA kernels, thereby bridging the gap be-
tween research and deployment while significantly
reducing the engineering overhead for cross-model
benchmarking.

2 Related Work

Since the introduction of GPT-3 (Brown et al.,
2020), a large body of research has focused on op-
timizing Transformer architectures and expanding
their applications to diverse domains.

2.1 Speeding up Transformers
Efforts to mitigate the quadratic complexity of
the Transformer’s self-attention mechanism have
yielded several approaches. LongFormer (Beltagy
et al., 2020) replaces full attention with a com-
bination of sliding window and global attention
patterns. A broader class of sub-quadratic methods
uses techniques like low-rank projections (Wang
et al., 2020) or locality-sensitive hashing (Kitaev
et al., 2020) to approximate attention more effi-
ciently. A few hardware-aware techniques have
also emerged. FlashAttention (Dao et al., 2022)
reduces memory I/O without any approximations
and vLLM (Kwon et al., 2023) introduces paged
attention for efficient memory management. Re-
cently, there has also been some work on pseudo
distillation techniques like Matryoshka Embed-
dings (Kusupati et al., 2022) and Speculative De-
coding (Leviathan et al., 2023). Most of these meth-
ods are transferrable to LRNNs.
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LRNN

discretize_fn: Callable

__init__(discretization: str)
forward(x: Tensor, ...) -> Tensor

LTI_LRNN

__init__(discretization: str)
discretize() -> tuple[Tensor, ...]
compute_kernel() -> tuple[Tensor, Tensor]
step(x: Tensor, state: Tensor, ...) -> tuple[Tensor, Tensor]
allocate_inference_cache(batch_size: int) -> tuple[Tensor, dict]

LTV_LRNN

__init__(discretization: str)
forward(x: Tensor, ...) -> Tensor
step(x: Tensor, inference_cache: dict) -> Tuple[Tensor, ...]
allocate_inference_cache(batch_size: int, ...) -> Dict[str, Any]

LRU CentaurusBase

CentaurusNeck CentaurusDWS CentaurusFull CentaurusPWNeck

Mamba CentaurusLTV

STREAM

S5 S4 S5 RG-LRU S7

EventSSM

Figure 1: Class diagram describing lrnnx.

2.2 Linear RNNs
The central equation for LRNNs is described in
eq. (2).

xk = A(k)xk−1 +B(k)uk

yk = C(k)xk +D(k)uk
(2)

Layer variants differ in how they parameterize
the learnable matrices A,B and C. These layers
can be broadly divided into two types: Linear Time
Invariant (LTI) and Linear Time Varying (LTV).

2.2.1 LTI Layers
These layers maintain time-invariant matrices, i.e.,
A(k) = A, ∀k (likewise for B and C). S4 (Gu
et al., 2022) developed much of the theory required
to train and compute this recurrence efficiently.
These layers rely on the single-input single-output
(SISO) framework, and use independent layers for
each hidden dimension in the input. The S5 (Smith
et al., 2023) layer extends S4 to train a multi-input
multi-output (MIMO) model. LRU (Orvieto et al.,
2023) re-formulates the problem from a deep learn-
ing perspective and develops methods to train a
LRNN without the signal processing theory. The
network is similar to S5 but makes no assumptions
about the input signal uk.

2.2.2 LTV Layers
These layers have time-varying matrices, and most
have a direct LTI counterpart. S6 (Gu and Dao,
2024) is a time varying variant of S4 which makes
it well suited for discrete modalities like text.
S7 (Soydan et al., 2024) is a time-varying variant
of S5, and the RG-LRU (De et al., 2024) is a time-
varying alternative to LRU. STREAM (Schöne

et al., 2024a) introduces a time-varying SISO state-
space model that selectively updates state compo-
nents to capture varying temporal frequencies in
long sequences.

Finally, Centaurus (Pei, 2025) is in-between
SISO and MIMO models.

2.3 Applications
Overall, these layers are a rich set of architec-
tures which have been applied to several sequen-
tial and non-sequential domains from Audio (Text-
to-speech (Goel et al., 2022), ASR (Pei, 2025),
Enhancement (Pei, 2025; Pei et al., 2025)), RNA
modeling (Ramesh et al., 2025), Vision (Liu et al.,
2024), Event-streams (Schöne et al., 2024b) and
even Point-clouds (Han et al., 2024). Furthermore,
they have set new benchmarks on synthetic tasks in
the long-range-arena (LRA) (Tay et al., 2021). Typ-
ically, transformers are hard to train for very long
sequences (≥ 210), which is where these layers
prove extremely useful.

3 Library Design

This section provides a high-level overview of
lrnnx, describing its software architecture and core
design principles.

Each layer in lrnnx follows a consistent inter-
face derived from eq. (2). Model-specific details
are abstracted behind a unified API for instantia-
tion, training, and inference across all LRNN archi-
tectures. A summary of supported layer architec-
tures is provided in Table 1.

We adopt a three-tier inheritance hierarchy. At
the base, the LRNN class defines the forward inter-
face and selects the discretization method. Lay-
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ers are organized into LTI and LTV submodules
corresponding to the variants described in sec-
tion 2.2. LTI layers extend the LTI_LRNN class. For
these layers, we implement optimal einsum con-
tractions (Pei et al., 2025), which lead to efficiency
gains. LTV layers extend the LTV_LRNN class. Each
subclass defines its own parameterization of the ma-
trices (A,B,C) from eq. (2), while preserving a
shared programming interface. The broad layout
of the library is as indicated in Figure 1.

Layer definition is decoupled from discretiza-
tion. Supported schemes include ZOH, bilinear,
dirac, and asynchronous (event-driven) discretiza-
tion. Some models restrict supported methods (e.g.,
Centaurus uses only ZOH), and the design allows
easy integration of custom schemes.

Layers follow a uniform constructor signature.
For example, an S5 layer can be instantiated as:

1 layer = S5(
2 d_model =512,
3 d_state =64,
4 discretization="zoh",
5 ** kwargs
6 )

For efficient autoregressive generation, all layers
implement a step method.

For time-varying layers, lrnnx provides custom
CUDA kernels, derived from the selective scan im-
plementation in Mamba (Gu and Dao, 2024). These
kernels integrate multiple discretization methods
(ZOH, bilinear, dirac) and support asynchronous
inputs within a fused scan and output projection,
preserving memory efficiency while enabling flex-
ible architectural choices. This is a benefit over
some JAX implementations, which, while easy to
implement, suffer from memory bottlenecks due to
materialization of the hidden state.

To ensure correctness, we validate numerical
equivalence between parallel, recurrent, and step-
wise execution modes for every layer with an exten-
sive and robust test suite, across sequence lengths,
batch sizes, model dimensions, initializations, and
discretizations. We further verify gradient consis-
tency between custom CUDA kernels and reference
PyTorch implementations.

3.1 Tutorials & Architectures
For end-to-end applications, the library provides
components and tutorials for tasks such as language
modeling, classification, and autoencoders. For ex-
ample, LRNNLMHeadModel wraps an LRNN back-
bone with embeddings, stacked residual blocks,
and a language modeling head:

1 lm = LRNNLMHeadModel(
2 d_model =768, d_state =16, n_layer

=12,
3 vocab_size =50257 ,
4 mixer_types =["S5", "S7", "attn",

...],
5 mixer_kwargs ={"S5": {..}, "S7":

{..}, "attn": {..}, ...},
6 d_intermediate =2048,
7 )

This design mirrors the head abstractions used
in modern deep learning frameworks like Trans-
formers (Wolf et al., 2020), enabling flexible adap-
tation to downstream tasks. The mixer_types ar-
gument allows mixing different LRNN backends
and attention layers (De et al., 2024), while blocks,
normalization, and MLP components remain fully
configurable. All layers integrate with standard
PyTorch workflows, including checkpointing, gra-
dient checkpointing, mixed-precision training, and
fused operations.

3.2 Inference support
JAX provides native support for such models with
the jax.lax.scan operation which can remove
CPU overheads entirely from the generation pro-
cess. Analogues of this functionality do not exist
in PyTorch, and a simple for-loop would give up
all the benefits of fast inference. To mitigate this,
similar to Gu and Dao (2024), we provide special-
ized inference capabilities using CUDA Graphs, to
avoid CPU synchronization after each step. Our
implementation is competitive at large sequence
lengths and only adds a few ms at small ones.

4 Experiments

4.1 Setup
We run all of our GPU benchmarks on an NVIDIA
A100 40GB GPU, using Python 3.12 and CUDA
12.9.

4.2 Benchmarks
We provide a performance analysis of our lrnnx
implementations by comparing them to their origi-
nal or alternative counterparts, on random tensors.
We have evaluated our LRU implementation (Py-
Torch) against a popular public repository (Zuc-
chet, 2023) (JAX). Our S5 implementation was
compared against the original release (Smith et al.,
2023), and similarly the Mamba implementation is
evaluated relative to the official repository (Gu and
Dao, 2024).
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Figure 2: Training Time Comparison

We report average execution time (ms) for both
training (forward plus backward pass) and autore-
gressive inference across models while varying
batch size, sequence length, and model dimension
for LRU, S5, and Mamba. For each configuration
we run 10 warm-up passes, then time 90 forward
passes; this is repeated for 5 experiments, and we
report the mean and standard deviation across those
5 experiment means. We mirror the same sweep
settings across all three models (batch sizes, se-
quence lengths, and model dimensions), and all
plots use log scaling where specified. Wherever
required, we set the state dimension to 16. Overall,
our implementations are competitive to the public
baselines – Figure 2. All benchmark results can be
found in Appendix A.

5 Conclusion

In this work, we introduce lrnnx, a unified li-
brary consolidating SOTA linear RNN architec-
tures into a single interface. By providing O(1) in-
ference complexity and strong inductive biases for
signal-like data, the library facilitates efficient long-
sequence modeling across diverse domains, includ-
ing audio, vision, and event-streams (section 2.3).
We expect lrnnx to empower the community with
a scalable, easily extensible, and accessible alterna-
tive where Transformer-based methods encounter
limitations.

Limitations

Despite its unified interface, lrnnx faces some con-
straints. Mirroring industry shifts toward single-

framework specialization (Debut, 2025), our im-
plementation is restricted to PyTorch, precluding
direct use by researchers in the JAX or TensorFlow
communities. Furthermore, the high-performance
execution of several LTV layers relies on custom
CUDA kernels, limiting optimal performance to
NVIDIA hardware, and hindering accessibility for
alternative backends.

We note that our models match other pub-
lic implementations on training speed but are
slightly slower for inference. We attribute this to
known CPU overheads in PyTorch inference exe-
cution rather than to model-specific design choices.
Though for production workloads, particularly in
high batch size and long sequence length regimes,
we expect inference performance to be very similar.
Finally, the library lacks native wrappers for estab-
lished ecosystem tools like Hugging Face (Wolf
et al., 2020), DeepSpeed (Rasley et al., 2020), and
FSDP (Zhao et al., 2023). Consequently, incor-
porating these models into large-scale distributed
workflows requires the manual development of cus-
tom adapter layers. Beyond ecosystem integrations,
there are architectural features we have not yet im-
plemented. We do not yet provide bidirectional
variants of LRNN layers, though the base interface
is designed to support them.

Recently there has also been a resurgence in non-
linear RNNs like xLSTM (Beck et al., 2024), while
related in capabilities, these methods are orthog-
onal to our focus and thus have not been imple-
mented.
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