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Abstract

Large Language Models (LLMs) are transforming a wide range of fields, reshaping how
we search for information, communicate, and manage our everyday tasks. The backbone
of the majority of today’s LLMs is the Transformer architecture, which processes and
generates text as a sequence of tokens, where each token represents one or several char-
acters. At its core, the Transformer architecture relies on the self-attention mechanism,
which captures contextual relationships by computing pairwise interactions between all
inputs. This leads to quadratic scaling in compute and linear scaling in memory with
respect to the sequence length, as all inputs must be retained during processing. In sce-
narios with very long sequences or resource constraints, the self-attention mechanism
creates significant challenges.

In contrast, traditional recurrent neural networks (RNNSs), such as Long Short-Term
Memory (LSTM), process sequences in a step-by-step manner and update a constant-
size memory at each time step. Thus, they exhibit only linear complexity with respect
to the sequence length, promising more e [cieht processing especially of long sequences.
However, in practice, early LSTM-based language models faced scalability challenges:
The limited memory size of LSTMs leads to inferior language modeling performance, and
their non-parallelizable memory update rule prevents full utilization of modern computing
hardware, especially during training.

This thesis demonstrates that RNN architectures can match or exceed Transformer per-
formance while olering superior e [ciehcy, when designed with modern memory struc-
tures and hardware-aware training algorithms. Specifically, we combine the benefits of
both — RNNs’ linear scaling with sequence length and low memory requirements, with
self-attentions’ parallel training and strong performance on natural language tasks. First,
we introduce XLSTM, a family of LSTM architectures extended with exponential gat-
ing and scalar or matrix memory structures, that performs competitively with, and in
some settings surpasses Transformer models in language modeling. Second, we develop
Tiled Flash Linear Attention (TFLA), a new kernel algorithm for linear RNNs such as
the XLSTM with matrix memory that improves utilization on modern hardware and
provides state-of-the-art training kernel runtimes, outperforming highly optimized self-
attention training kernels. Third, we build XLSTM 7B, a 7-billion-parameter LLM, that
achieves comparable performance to other similar-sized Transformer LLMs on down-
stream tasks, while providing significantly faster inference speeds and greater e [Ciehcy.
Finally, we conduct a comparative study on the scaling behavior in training and inference
of Transformers and xLSTMs to guide future model design, and show that xLSTM con-
sistently Pareto-dominate Transformer models across the evaluated settings, delivering
lower cross-entropy loss for the same compute budget.

In summary, our contributions advance the state-of-the-art of e Ccieht LLM architectures
with the introduction of XLSTM, a scalable recurrent architecture for language modeling;
TFLA, a kernel algorithm that improves utilization of modern hardware; open training
recipes; and large-scale comparative studies of Transformer and XLSTM scaling behavior.
These advancements contribute to the development of scalable and cost-e [cieht language
models that can be deployed beyond centralized data centers, enabling privacy-preserving
and resource-e [cieht applications on edge devices.



Kurzfassung

GroRe Sprachmodelle (Large Language Models, LLMs) transformieren eine Vielzahl von
Anwendungsbereichen und veréandern grundlegend, wie wir Informationen suchen, kom-
munizieren und alltagliche Aufgaben bewaltigen. Das Rickgrat der meisten heutigen
LLMs bildet die Transformer-Architektur, die Text als eine Sequenz von Tokens verar-
beitet und generiert, wobei jedes Token ein oder mehrere Zeichen représentiert. Im Kern
beruht die Transformer-Architektur auf dem Self-Attention-Mechanismus, der kontex-
tuelle Beziehungen erfasst, indem paarweise Interaktionen zwischen allen Eingaben be-
rechnet werden. Dies flihrt zu einer quadratischen Skalierung des Rechenaufwands und
einer linearen Skalierung des Speicherbedarfs in Abhangigkeit von der Sequenzlange, da
alle Eingaben wéhrend der Verarbeitung vorgehalten werden miissen. In Szenarien mit
sehr langen Sequenzen oder begrenzten Ressourcen stellt der Self-Attention-Mechanismus
daher eine erhebliche Herausforderung dar.

Im Gegensatz dazu verarbeiten klassische rekurrente neuronale Netze (Recurrent Neural
Networks, RNNSs), wie etwa Long Short-Term Memory (LSTM), Sequenzen schrittweise
und aktualisieren bei jedem Zeitschritt einen Speicher von konstanter GréRe. Dadurch
weisen sie lediglich eine lineare Komplexitat in Bezug auf die Sequenzlange auf, was
insbesondere fir die e [ziehte Verarbeitung langer Sequenzen vielversprechend ist. In
der Praxis standen jedoch frihe, auf LSTM basierende Sprachmodelle vor Skalierungs-
problemen: Die begrenzte Speicherkapazitat von LSTMs fihrt zu einer schwécheren
Sprachmodellierungsleistung, und ihre nicht parallelisierbare Speicheraktualisierungs-
regel verhindert die vollstdndige Ausnutzung moderner Rechenhardware, insbesondere
wahrend des Trainings.

Diese Arbeit zeigt, dass RNN-Architekturen die Leistung von Transformern erreichen
oder Ubertrel[ed kénnen und dabei eine hoéhere E [Ziehz bieten, sofern sie mit moder-
nen Speicherstrukturen und hardwarebewussten Trainingsalgorithmen entworfen werden.
Konkret kombinieren wir die Vorteile beider Ansétze — die lineare Skalierung mit der
Sequenzlange und den geringen Speicherbedarf von RNNs mit dem parallelen Training
und der starken Leistung von Self-Attention auf natlrlichen Sprachaufgaben. Zunachst
stellen wir das XxLSTM vor, eine Familie von LSTM-Architekturen, die durch exponen-
tielle Gating-Mechanismen sowie skalare oder Matrix-Speicherstrukturen erweitert wird
und in der Sprachmodellierung mit Transformer-Modellen wettbewerbsfahig ist oder in
bestimmten Szenarien sogar Ubertri (E1Zweitens entwickeln wir Tiled Flash Linear Atten-
tion (TFLA), einen neuen Kernel-Algorithmus fiir lineare RNNs wie XLSTM mit Matrix-
Speicher, der die Auslastung moderner Hardware verbessert und Trainingslaufzeiten auf
dem Stand der Technik erreicht und dabei hochoptimierte Self-Attention-Trainingskernels
Ubertri [E1Drittens entwickeln wir XLSTM 7B, ein LLM mit sieben Milliarden Parame-
tern, das auf nachgelagerten Aufgaben eine mit vergleichbar groen Transformer-LLMs
vergleichbare Leistung erzielt, dabei jedoch deutlich schnellere Inferenzgeschwindigkei-
ten und eine hohere E [ziehz bietet. Abschlieend flihren wir eine vergleichende Studie
zum Skalierungsverhalten von Transformern und XLSTMs wahrend Training und Infe-
renz durch, um zukinftige Modelldesigns zu unterstiitzen, und zeigen, dass XLSTM in
allen untersuchten Szenarien Transformer-Modelle konsistent Pareto-dominiert, indem es
bei gleichem Rechenbudget einen geringeren Cross-Entropy-Verlust erreicht.
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Zusammenfassend erweitern unsere Beitrdge den Stand der Technik e [Ziehter LLM-
Architekturen durch die Einfihrung von xLSTM, einer skalierbaren rekurrenten Archi-
tektur fir die Sprachmodellierung; TFLA, einem Kernel-Algorithmus zur verbesserten
Ausnutzung moderner Hardware; o[eden Trainingsrezepten; sowie groR angelegten ver-
gleichenden Studien zum Skalierungsverhalten von Transformern und XLSTMs. Diese
Fortschritte tragen zur Entwicklung skalierbarer und kostene [ziehter Sprachmodelle bei,
die Uber zentrale Rechenzentren hinaus eingesetzt werden kénnen und datenschutzwah-
rende sowie ressourcene [ziehte Anwendungen auf Edge-Geraten ermdglichen.
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Chapter 1
Introduction

1.1 Motivation

Arti cial Intelligence (Al) is transforming many aspects of society, the economy, and
academic and scienti ¢ practice. In recent years, this transformation has been driven to
a large extent by Large Language Models (LLMs), which are now used across a wide
range of domains, including healthcare, education, software development, and scienti c
discovery (He et al., 2025; Wang et al., 2024; Jiang et al., 2024; Zhang et al., 2025; Zheng
et al., 2025). Through their widespread availability in chat bot systems (OpenAl, 2022;
Ouyang et al., 2022), LLMs have become a primary interface to Al, changing how people
search for information, communicate, and manage everyday tasks.

However, this rapid expansion comes with signi cant computational and energy costs.
As LLMs become increasingly capable and integrated into our daily lives and work-
ows, the computational and energy demands of both training and inference continue to
grow (Elsworth et al., 2025; Rahman & Owen, 2024). Training requires ever greater com-
putational power as context lengths grow, models scale up, and training dataset sizes in-
crease. At the same time, inference must remain fast and a ordable across cloud platforms
and edge devices. These demands highlight the need for language model architectures that
can deliver e ciency without sacri cing performance, even under resource constraints.

The backbone of most of today's LLMs is the Transformer architecture, which processes
and generates text as a sequence of tokens, where each token consists of one or several
characters (Vaswani et al., 2017). At its core, the Transformer architecture relies on the
self-attention mechanism, which captures long-range dependencies and contextual rela-
tionships by computing pairwise interactions with all previous inputs in the sequence.
This leads to quadratic scaling in compute and linear scaling in memory with respect to
the sequence length, as all inputs must be stored in memory for the attention computa-
tion. In settings involving very long sequences or limited computational resources, such

as on edge devices, the self-attention mechanism poses substantial di culties.

In contrast, traditional recurrent neural networks (RNNs), such as the Long Short-Term
Memory (LSTM) (Hochreiter, 1991; Hochreiter & Schmidhuber, 1997, 1996), operate
inherently sequentially and process sequences in a step-by-step manner, which results
in linear scaling in computation with the sequence length. More speci cally, LSTMs
control the error and information ow using a gating mechanism that consists of in-
put, forget, and output gates. In combination, these gates maintain and update a xed
memory state at each time step, e ectively compressing the history of past inputs into a
constant-size memory. LSTMs have been successfully applied in various domains (Hochre-
iter et al., 2001, 2007; Schmidhuber, 2015), are still widely used in highly relevant ap-
plications (Nearing et al., 2024), and have even been employed for early language mod-
els (Sutskever et al., 2014; Jozefowicz et al., 2016). However, due to their sequential na-
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ture, traditional LSTMs are not parallelizable across time steps within a single training
sequence; hence, they are less e cient during training compared to Transformers, which
can process all tokens simultaneously. In addition, the limited memory size of LSTMs
leads to inferior language modeling performance. Together, these constraints hindered the
scalability of early LSTM-based language models and paved the way for the emergence
of the Transformer architecture.

The combination of LSTMs' theoretical advantages over Transformers with self-attention
in terms of time (linear vs. quadratic) and space (constant vs. linear) complexity, along
with their practical limitations, naturally raises the question:

Can we design a language model architecture that preserves the compute and
memory scaling advantages of LSTMs while matching or surpassing Trans-
formers in both quality and e ciency?

Given the impressive capabilities and widespread adoption of today's LLMs, building an
architecture with these properties is of high practical relevance, as well as scienti c and
economic interest. A next-generation LLM with much greater e ciency at the same or
better performance could solve more complex problems in less time or signi cantly reduce
inference costs. Moreover, such architectures could o er solutions to high throughput use
cases in data-centers, but also enable privacy preserving or low-latency applications on
edge devices.

1.2 Approach

The aim of this thesis is to nd a positive answer to the question above and, hence, to de-
sign language model architectures with superior compute and memory scaling properties
compared to existing dominant Transformer architectures.

Towards this goal, we start with the LSTM (Hochreiter, 1991; Hochreiter & Schmidhu-
ber, 1997, 1996), which introduced an additive update rule to maintain a constant-sized
memory and gating to overcome the vanishing gradient problem of RNNs (Hochreiter,
1991; Hochreiter et al., 2000; Gers et al., 2000). As a result, early language models have
bene ted from the e ectiveness of LSTMs in modeling long-term temporal dependencies
compared to previous RNN architectures (Sutskever et al., 2014; Jozefowicz et al., 2016).
However, in contemporary large-scale language pre-training scenarios, LSTMs have been
found to lag behind Transformers in both language modeling performance and compu-
tational e ciency (Kaplan et al., 2020; Vaswani et al., 2017).

To address this problem, this thesis introduces the Extended Long Short-Term Memory
(XLSTM), a family of recurrent language model architectures that matches or exceeds
Transformer quality while o ering linear scaling in compute and constant memory, and
outlines how we address the associated research and engineering challenges towards fully
recurrent LLMs.

Recurrent language model architectures. Even before the introduction of Chat-

GPT (OpenAl, 2022; Ouyang et al., 2022), which made language models accessible to
the general public, there have been several attempts to improve the e ciency of Trans-
formers with respect to computational cost and memory footprint (Tay et al., 2022).
One prominent example is linear attention (Katharopoulos et al., 2020), which shows
that self-attention permits a recurrent formulation when the softmax is linearized by a
dot-product of kernel feature maps. On the other hand, inspired by control theory, state
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space models (Gu et al.,, 2022b; Gupta et al., 2022; Smith et al., 2023) fully rely on
linear recurrences (Orvieto et al., 2023) and have become popular due to their strong
performance on Long Range Arena, a benchmark for probing sequence models on both
synthetic and real-world long-context tasks (Tay et al., 2021).

However, in language modeling, these sub-quadratic-time architectures have not per-
formed as well as the default softmax-attention, due to the inability to selectively store
information in an input-dependent manner (Gu & Dao, 2024). Therefore, Mamba intro-
duces a selection mechanism to state space models that based on the current input
allows the model to Iter out irrelevant information and remember relevant informa-
tion (Gu & Dao, 2024). It turns out that this selection mechanism serves the same
purpose as the well known gating mechanism from LSTMs, where input and forget gates
learn to control the information ow into and out of the memory cell (Hochreiter &
Schmidhuber, 1997). At the same time, it has been found that introducing a decay (Sun
et al., 2023) or (forget) gate (Yang et al., 2024) mechanism into linear attention Trans-
formers signi cantly improves their language modeling performance. Later, it has been
shown that selective state space models can, in fact, be viewed as a form of (gated) linear
attention through the lens of structured matrices (Dao & Gu, 2024).

From this standpoint, the data-driven gating mechanism in LSTMs can be regarded as

a unifying paradigm for recurrent language model architectures, motivating analogous

designs in state space models and linear attention variants. Therefore, in this thesis,
instead of introducing gating into existing sequence modeling primitives, we approach

the problem from the other way around: We assume gating as a given and enhance the
LSTM using the most recent methods from modern language models.

With the XLSTM (Beck et al., 2024, Section 3.1), we start with the LSTM and extend the
well-known LSTM ideas with a new exponential gating mechanism that should allow for
better information routing. We present two alternative memory cell parameterizations
and integrate them with up-to-date methods from contemporary language models. First,
we introduce the sLSTM with scalar memory cells, in which we model the non-linear
recurrence of the LSTM with block-diagonal recurrent weights to reduce computational
cost compared to dense recurrent weights; Second, we propose the mLSTM with matrix
memory cells, where we discard the recurrent weights completely, essentially making the
recurrence linear and thus enabling parallelization over multiple time steps, similar to
Transformers (see Section 3.1).

Hardware-aware algorithms. Even though RNNs and sub-quadratic architectures

have theoretical advantages in terms of scaling in computational cost and memory foot-
print, realizing these advantages as actual wall-clock runtime bene ts is dicult due

to highly optimized self-attention implementations termed Flash Attention (Dao et al.,
2022; Dao, 2024; Shah et al., 2024). Therefore, to demonstrate real-world viability and
enable scaling to larger model and dataset sizes, as well as sequence lengths, we develop
hardware-aware algorithms for low-level kernel implementations of the two memory cells

of the xXLSTM.

With FlashRNN (Péppel et al., 2025), we provide hardware optimized CUDA! and Tri-
ton (Tillet et al., 2019) implementations of the sSLSTMs cells, as well as a blueprint for
traditional, non-linear RNN kernel implementations such as LSTMs or GRUs (Cho et al.,
2014a). In our benchmarks, FlashRNN kernels achieve substantial speedups over vanilla
implementations in common deep learning frameworks such as PyTorch (Paszke et al.,

Lhttps://docs.nvidia.com/cuda/cuda-programming-guide/index.html
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2019) and runtimes close to those of closed-source LSTM kernels from NVIDIA (Ap-
pleyard, 2016). However, despite a considerable amount of low-level optimizations, our
FlashRNN kernels are still signi cantly slower than Flash Attention kernels for reason-
able sequence lengths. This highlights the need for fully sequence-parallelizable language
model architectures.

Linear RNNs, such as selective state space models and linear attention variants, allow
for parallel computation along the sequence dimension because of the linearity of the
update rule. Moreover, the linear update can be performed in chunks of multiple time
steps, where the chunk size serves as a parameter to interpolate between fully recurrent
and fully parallel computation (Sun et al., 2023; Hua et al., 2022). Yang et al. (2024)
shows that linear RNN implementations based on this chunkwise-parallel formulation
are signi cantly faster than optimized Flash Attention implementations. However, their
Flash Linear Attention (FLA) kernel implementations (Yang & Zhang, 2024) still do not
fully utilize modern hardware due to the hardware limited maximum chunk size, which

is below the runtime optimal chunk size (Beck et al., 2025a).

With Tiled Flash Linear Attention (TFLA) (Beck et al., 2025a, Section 3.2), we present

a kernel algorithm for linear RNNs that combines tiling along the sequence dimension as
in Flash Attention (Dao, 2024) within the chunks with the inter-chunk recurrence from
Flash Linear Attention (Yang et al., 2024). This overcomes the chunk size limitation and
demonstrates that mLSTM kernels based on TFLA outperform highly optimized Flash
Attention, linear attention, and Mamba kernels in terms of runtime, setting a new state
of the art among linear RNN kernels (see Section 3.2).

Scaling up. A key advantage of Transformer-based language models is their scaling be-
havior: Increasing model and dataset sizes leads to consistent improvements across a wide
range of tasks, enables few-shot learning, and gives rise to emergent abilities capabilities
that are absent in smaller models and appear only beyond certain scale thresholds (Brown
et al., 2020; Chowdhery et al., 2023; Wei et al., 2022). Model sizes considered in such
large scale empirical studies and model releases often start at the 7-billion-parameter
scale, since this model size provides a strong balance between performance and cost while
also making it easier to integrate into other research or real-world applications (Touvron

et al., 2023b; Jiang et al., 2023; Chowdhery et al., 2023; Gratta ori et al., 2024). There-
fore, demonstrating that alternative RNN language model architectures perform well at
these sizes is crucial for assessing their viability as Transformer alternatives at scale.

With xXLSTM 7B (Beck et al., 2025b, Section 3.3), we introduce a 7-billion-parameter
LLM trained on 2.3-trillion tokens that combines xXLSTM's bene ts inherited from RNNs
with targeted optimizations for training stability, e ciency, and fast inference. Our ex-
periments show that XLSTM 7B achieves performance on downstream tasks comparable
to other LLMs of similar size, while providing signi cantly faster inference speeds and
greater e ciency compared to Transformer based LLMs (see Section 3.3). These ndings
indicate that XLSTM can be a viable alternative to Transformers at practically relevant
model sizes.

Scaling laws. In order to estimate how xLSTM might perform at even larger scales, we
investigate the neural scaling laws for xLSTM. In general, neural scaling laws describe an
empirical relation between performance in terms of training or validation loss and training
compute, model size, or dataset size (Hestness et al., 2017; Kaplan et al., 2020). These re-
lationships have signi cant practical implications: On the one hand, they are used to nd

the compute-optimal allocation of model size and dataset size (Ho mann et al., 2022). On
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the other hand, scaling laws are used to predict the outcome of training runs with very
large compute budgets from a few runs with small compute budgets (Gratta ori et al.,
2024), thereby de-risking large investments during development and guiding resource al-
location for future large-scale training e orts. In addition to guiding the future model
design of recurrent LLMs, we use scaling laws to compare two model classes: The linear-
time complexity XLSTM models with quadratic-time complexity Transformer models.

In our XLSTM scaling law study (Beck et al., 2025¢c, Section 3.4), we systematically
compare the scaling behavior of XLSTM and Transformers with di erent approaches
across a wide range of model sizes (80M-7B) and numbers of training tokens (2B-2T).
Our ndings reveal that, in typical LLM training and inference scenarios, XLSTM scales
favorably compared to Transformers, and that XLSTM models consistently Pareto-
dominate Transformer models, delivering lower cross-entropy loss for the same compute
budget (see Section 3.4).

1.3 Outline

The remainder of this thesis is structured as follows:

m Chapter 2 provides background on RNNs, Transformers, and linear RNNs that un-
derpin the main contributions of this thesis.

m Chapter 3 presents the four main publications that comprise this cumulative disser-
tation.

= Chapter 4 concludes with an overview of applications of the XLSTM in other domains
and a discussion of its limitations. We further contextualize the XLSTM within the
broader literature on e cient Transformers and provide an outlook on directions for
future work.



Chapter 2

Background

This thesis presents the Extended Long Short-Term Memory (XLSTM), a new family
of sequence model architectures primarily aimed at language modeling, though not re-
stricted to it. Consequently, it also incorporates several fundamental components from the
currently dominant Transformer architecture in language modeling, such as, for example,
feedforward and normalization layers. At its core, the XLSTM is a type of recurrent neu-
ral network (RNN) that introduces a novel gating mechanism inspired by the principles
of Long Short-Term Memory (LSTM) networks. It consists of two core components: The
SLSTM, a traditional, non-linear RNN with a scalar memory cell, and the mLSTM, a
linear RNN with a matrix memory cell.

In this chapter, we provide a concise overview of the background needed to understand
all of these technical terms and the main contributions of this thesis.

In Section 2.1, we begin with a primer on RNNs and LSTMs. We continue with the in-
troduction to the Transformer architecture and softmax attention in Section 2.2. Finally,
we provide an overview of recent linear RNNs, such as linear attention and state space
models in Section 2.3.

2.1 Recurrent Neural Networks and LSTMs

Recurrent neural networks (RNNs), developed in the 1980s (Rumelhart et al., 1986;
Jordan, 1990; Elman, 1990), are a type of neural network specialized in processing se-
quential data, i.e., multiple data points organized as a sequence of values;xx;:::; Xt
with a temporal relationship. They are typically used to detect patterns in or predict the
continuation, e.g., xr+1 Of such sequences.

In principle, standard multilayer feedforward networks could also be applied to sequences
by choosing their input dimension according to the sequence length. However, in this case,
the network would apply a di erent set of weights to every time step, which is infeasible
for long sequences and prohibits generalization to variable lengths.

Instead, RNNs process the sequence with a recursive or recurrent computation that reuses
or shares their weights across every time step. Speci cally, at every time step t, RNNs
compute an hidden state h for every input x;. Then, in the next time step t + 1, the
recurrence is formed by combining the current hidden state kh with the next input X 1

to form the new hidden state hi; . Through this recurrence, RNNs learn to treat h; as

a memory, storing the relevant information from all past inputs up to time t. Because
the hidden state h; has a xed size, this storage is typically lossy when dealing with
sequences of arbitrary lengths. Nevertheless, in real-world use, the recurrent inductive
bias of RNNs often enables them to generalize well to long sequences of varying length.
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2.1.1 Non-linear RNNs

Given a sequence of inputs (X;Xz2;:::; X1), the standard RNN computes a sequence of
hidden states (hy; hy;::;;ht) and outputs (v 1;y2;::: yT) by iterative application of the
following update rule:

he = ( Ay, Ay =W X¢+Rp hyr +Dn; (2.1)
Yt = ( y‘t); Yt :Wy ht+by; (2-2)

where x; 2 R% is the input vector, hy 2 R% is the hidden state, and y 2 R% is the
output vector for time step t. The learnable parameters of RNNs can be decomposed into
three types. The weights W, 2 R% 9 x and biases i 2 R% that model the input-to-
hidden, the weights W, 2 R% 9 » and biases h 2 R% that model the hidden-to-output,
and nally, the recurrent weights Ry 2 R% 9 » that model the hidden-to-hidden trans-
formation. () and () are activation functions applied pointwise, where a typical
choice for is the tanh, and for it is often simply the identity function. Since is a
non-linear activation function, this recurrence relation between the hidden state h and
the previous hidden state hy; in equation 2.1 is non-linear.

The iterative application of this update rule enables processing of long sequences of
variable lengths. However, to e ectively identify patterns that involve events spread across
long time spans in the sequence, the gradient information must be able to propagate
backward to the relevant time steps. It turns out that for standard RNNs, as shown in
equation (2.1), this is often di cult in practice because of the vanishing and exploding
gradient problem (Hochreiter, 1991; Bengio et al., 1994; Hochreiter et al., 2000; Pascanu
et al., 2013).

Vanishing gradient problem. The vanishing (or exploding) gradient describes a phe-
nomenon during the training of RNNs, where the gradients either vanish (or explode)
when propagated backward over a long sequence. The root-cause of this problem is the
recurrent weight R, component, which transports the error one step backward in time
via the Jacobian matrix

@h

@h

where diag() converts a vector into a diagonal matrix, and °indicates the derivative of

computed element-wise. When evaluating the long-term contributions to the gradient

over k steps back using the chain rule, this Jacobian matrix is applied iteratively at every
time step:

=R diag AMm) ; (2.3)

@h _ @h @M @M1

*
- = Ry di e ) - 2.4
@ ©@h @h @M« h diag (M ) (2.4)

i=0

To demonstrate the vanishing and exploding gradient problem, let us consider a linear re-
currence, e.g., by setting the to the identity function. In this case diag Yy ) =1,

and the long term Jacobian matrix z2— simpli es to

@ _ ¥ . _.x
@n - Rn= R (2.5)

For long term error propagation, i.e., large k, the norm of the Jacobian in equation (2.5)
depends on the largest eigenvalue ; of the recurrent weight matrix R : We will see
vanishing gradients if ; < 1 and exploding gradients if ; > 1. One can generalize
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this result for non-linear functions by bounding the absolute values of 9x), which is no
restriction for default choices of like tanh or sigmoid. We refer the reader to Pascanu
et al. (2013) for details.

This means that we can only maintain stable error propagation with respect to the gra-
dient norm if the largest eigenvalue ; of the recurrent weight matrix R 1, is exactly one.
However, enforcing such a constraint during training with gradient descent is di cult and
often harms the optimization dynamics. Therefore, in order to overcome the vanishing and
exploding gradient problem, several solutions have been proposed: To mitigate exploding
gradients, simply clipping the gradients element-wise by limiting the values of individual
components to a certain range (Mikolov, 2012, p. 36), or by rescaling the gradient if the
norm is above a certain threshold (Pascanu et al., 2013), has proven to be very e ective.

While there have been attempts to solve the vanishing gradient problem, e.g., with regu-
larization (Pascanu et al., 2013) or better optimization techniques (Martens & Sutskever,
2011; Sutskever et al., 2011), the most successful and widely adopted approach is the Long
Short-Term Memory architecture (Hochreiter & Schmidhuber, 1997).

2.1.2 Long Short-Term Memory

The Long Short-Term Memory (LSTM) (Hochreiter, 1991; Hochreiter & Schmidhuber,
1997) introduces the constant error carousel and gating to overcome the vanishing gra-
dient problem of RNNs. The LSTM is de ned by the following equations:

ce = ft c1 + Itz cell state (2.6)
hy = o Ct hidden state (2.7)
zi ='(#n); zn=W;Xx(+Rzhu +b; cell input (2.8)
it = T ; =W, x¢{+Rjhi +b; input gate (2.9)
fo = ft 5 fi=W;¢ x¢+R hgp +bg forget gate (2.10)
o0 = (6&); =W, xg+R,hyp +bo output gate (2.12)

where the state of the RNN at time t is comprised of ¢ 2 R% and h, 2 R%, along
with the gates g; 2 R%, including g = fz;i;f;0g. Every gate has learnable weights
Wy 2 R% 9 1 and biases g 2 R% that model the input-to-hidden relation, as well as
learnable recurrent weights Ry 2 R ¢ n that model the hidden-to-hidden relation. ()
and '() are squashing or normalization functions, such as the tanh function, that ensure
the cell state and input remain within a certain range. All gate activation functions are
sigmoid, i.e. (x) = 1=(1 + exp( X)).

The constant error carousel is the additive update rule of the cell state ¢; (green),
with the cell input z ; modulated by the gates (blue) in equation (2.6). The forget gate {
and input gate i; control this update, and the output gate o; controls the output of the
memory cell into the hidden state h;. Even though the cell state update in equation (2.6)
is linear, the overall state update is highly non-linear since the gates have non-linear
activation functions and dependencies on the previous hidden state f :

Stable error ow. The core idea of the constant error carousel becomes evident when
considering the gradient ow through the memory cell state. In the additive update

rule, the Jacobian of the cell state @@zf = f only depends on the forget gate value,
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and not as in the case of the standard RNN in Section 2.1.1 on the eigenvalues of
the recurrent weights. Therefore, the constant error carousel introduces a parallel path
to the % Jacobian, which still depends on the recurrent weights of all gates similar
to equation (2.3). Through this cell state path, the gradient can ow for long durations,
provided that the values of the forget gate t are equal to one, or lie within an appropriate
interval close to one.

Forget gate. The goal of the LSTM, as introduced by Hochreiter (1991); Hochreiter &
Schmidhuber (1997), was to ensure constant error ow. Therefore, there was no forget
gate included; rather, it was intentionally xed at f { = 1. Later, the forget gate was
introduced as an adaptive reset mechanism for the cell state in order to avoid inde nite
growth of the cell state when processing continuous input streams accepting the re-
introduction of decaying or vanishing gradients (Gers et al., 2000). In order to counteract
this, Gers et al. (2000) proposed initializing the forget gate biases such that the forget gate
values are close to one. This forget gate initialization was reported to be e ective across
various domains, including language modeling (Jozefowicz et al., 2015; Gre et al., 2017).
Instead of initializing all forget gate biases to a positive value, e.g. b= 1, corresponding
to forget gate values close to one due to the sigmoid activation, we found it bene cial in
our experiments to use a range of values selected equidistant from the interval [3; 6], e.qg.
linspace(3; 6; steps=¢q,). At initialization and for xed forget gates, this corresponds to

di erent decay factors for each memory cell (see Section 3.1).

Besides the introduction of the forget gate, several other gating designs have been ex-
plored; however, especially in language modeling tasks, the original LSTM design has re-
mained the most competitive and widely used architecture in practice (Jozefowicz et al.,
2015; Gre et al., 2017).

Deep LSTMs. The LSTM has also been extended in depth by stacking multiple lay-
ers (Graves et al., 2013). On speech recognition and language modeling, these DeepLSTMs
signi cantly improved performance, although, with two to three layers, these networks
were still relatively shallow compared to modern Transformer-based architectures (Graves
et al., 2013; Jozefowicz et al., 2016). In this thesis, we integrate the classic LSTM with con-
temporary Transformer components, including skip connections and normalization layers,
and demonstrate that this integration allows for a substantial increase in the number of
stackable layers (see Section 3.1). However, despite the greater depth, the performance of
LSTM was still signi cantly inferior to that of Transformers, both concerning language
modeling perplexity and computational e ciency in terms of training throughput.

2.2 Transformers

Even though RNNs and LSTMs have been very successful in language tasks, their main
limitation is their purely sequential nature, which becomes a computational bottleneck
for long sequences and large model sizes (Jozefowicz et al., 2016; Vaswani et al., 2017).

The Transformer architecture (Vaswani et al., 2017) addresses this computational bottle-
neck by completely replacing the recurrent component with the fully parallelizable atten-
tion mechanism, which enables the training of very large language models on extremely
large datasets. In addition to its computational e ciency, the attention mechanism ef-
fectively captures long-range dependencies and contextual relationships by computing
pair-wise interactions between all inputs in the sequence. Because all inputs are stored
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in memory to compute the interactions, attention can recall information from distant
inputs more reliably than recurrent architectures.

While the Transformer architecture was originally introduced for the task of machine
translation, it has since become the backbone of nearly every state-of-the-art model
in natural language processing and beyond, including vision, speech, and multi-modal
learning applications (Radford et al., 2018, 2019; Brown et al., 2020; Radford et al.,
2021; Dosovitskiy et al., 2021).

2.2.1 Attention

The core of the Transformer architecture is the attention mechanism, which models
temporal dependencies in the sequence and enables input dependent interactions between
tokens without relying on recurrent or convolutional structures. Attention processes a
sequence of input vectors (X;Xo;:::; X 1) with dimension dmogel, Stacked into a matrix

X 2R Td mae i parallel. In the domain of language modeling, these inputs are typically
embedding vectors that represent tokens, which consist of short words or a few characters,
or the hidden states from previous layers in the Transformer architecture.

The attention computation begins by rst projecting the inputs into queries Q 2 R T4
keys K2R T9 &« and values V 2 R" 9 v with

Q=XW 5; K=XW Z; V=XW J; (2.12)
where Wq 2 R« d mae gnd Wy, 2 R% d mae gre the projection weights.

Then, the hidden states of attention (h1;hy;::;;ht) stacked as a matrix H 2R T 9 v are
computed as the weighted sum of the values (v, vy; ::;; vr) with

K > |

H = softmax — +M V; (2.13)

dgk
where the softmax operation is de ned as softmax(x) = exp(xi):P exp(xi) and is
computed per row, and M 2R TT is a mask matrix used to exclude certain values from
the weighted average by selecting the entry to 1. For causal (self-)attention, this mask
is a triangular matrix containing zeros on and below the diagonal and 1 above. This
ensures that the outputs h; at time t depend only on past values v up to (and including)
time step t.

Positional encoding. Since the weighted average of the values in equation (2.13) does
not encode any information about the position or order of the values in the sequence, the
positional information must be provided to the model separately, typically via positional
embeddings or encodings. The most common way to do this in current language models
is to encode relative positional information between the queries and the keys via rotary
position embeddings (Su et al., 2021).

Text generation. During training, as well as during inference, when processing long
input documents, i.e., the so-called pre |l phase, the whole sequence is available, and we
compute the outputs H for all T queries in parallel with causal self-attention, as in equa-
tion (2.13). However, when generating text, i.e., predicting only the next token, we com-
pute a single output h; for the current query token q;. In this case, we can write (2.13) as

> pi
X exp - ki= dg

L t > _F [—
i=1 j=1 EXp g; kj_ qu

h; = Vi (2.14)
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Training/Pre |l Generation

at step t for T steps

Memory Compute | Memory Compute | Memory Compute

Self-attention O d O(T? d) | O d) ot d)
RNN and LSTM O d) O(T d?) | 01 d) O(1 d?)

O(T d) O(T2? d)
O d) O(T d?)

Table 2.1: Computational and memory costs for self-attention and RNNs or LSTMs for
sequence length T with head or hidden dimension d. The compute cost of self-attention
scales quadratically with sequence length, while RNNs scale linearly. In inference dur-
ing generation the memory requirements for RNNs remain constant, whereas for self-
attention they grow with sequence length.

To compute every new output h; at time step t, we need to compute the query, key,
and value projections from x; with (2.12), but we also require access to all previous keys
kit1 and values w1 . When generating multiple tokens during this generation or
decoding phase, recomputing the key and value projections at every step would be highly
ine cient and unnecessary since they remain unchanged. Therefore, at each generation
step, the key and value embeddings are appended and stored in the so-called KV-cache.
This means that during autoregressive text generation, the size of the KV-cache as well
as the computation cost grows linearly with the number of decoded tokens.

Comparison to LSTM. In the decoding phase, the fundamental di erences between
self-attention and RNNs or LSTMs become particularly evident when considering how
past information is stored. Self-attention stores past information in its KV-cache by ap-
pending new keys and queries, while RNNs and LSTMs maintain and update a xed
hidden state. By viewing the KV-cache as the memory state of self-attention, similar to
the memory state of RNNs and LSTMs (see also Section 4.2.2), we can directly compare
its complexity with that of RNNs in terms of memory and computational demands, in-
cluding both time and space requirements. We summarize the key di erences in Table 2.1.

In training and pre ll, self-attention and RNNs generally have the same memory re-
quirements. These originate from storing inputs and outputs, and with e cient imple-
mentations, the T T matrix QK > does not need to be materialized in memory (Dao
et al., 2022). In terms of computational cost, self-attention scales quadratically, while
RNNs scale linearly with sequence length. Even though RNNs require less computation,
they are still slower than self-attention in terms of wall-clock time because, on modern
hardware, the matrix multiplications of self-attention can be combined and computed in
parallel in one step, while RNNs require T sequential computation steps.

However, during generation, the attention operation cannot be parallelized since future
tokens are not available. Instead, the outputs are computed through the iterative applica-

tion of equation (2.14). In other words, during the generation phase, self-attention must

operate in the same auto-regressive manner as traditional RNNs, with the di erence that

the compute and memory costs grow linearly at each generation step, while for RNNSs,
the costs remain constant. This means that, especially in inference during generation,
RNNs can be more e cient than self-attention-based Transformers.
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2.2.2 Transformer Architecture

There are three major variants of the Transformer architecture: encoder-only, decoder-
only, and encoder-decoder models. Originally, the Transformer was introduced as an
encoder-decoder architecture for the task of machine translation, where the encoder maps
the input sequence of tokens into a sequence of continuous representations, and the de-
coder generates the output tokens with access to the input tokens (Vaswani et al., 2017).
However, the encoder and decoder components are also used individually: Encoder-only
architectures power bidirectional understanding tasks and are often used in embedding
models that produce a vector embedding for documents (Devlin et al., 2019; Ra el et al.,
2023), while decoder-only architectures are used in auto-regressive language models to
generate text. Nearly all recent LLMs are built on the decoder-only variant due to its
suitability for large-scale unsupervised pretraining and generative modeling (Radford
et al., 2018, 2019; Brown et al., 2020)

At a high level, the Transformer architecture consists of two core components that trans-
form and combine the token embeddings along two dimensions: First, self-attention lay-
ers (see Section 2.2.1) mix the tokens along the sequence dimension T; and second, the
feedforward layers transform each token position-wise along the embedding dimension
dmodel Of the model.

Multi-head attention. The sequence mixing layer of the Transformer architecture per-
forms the attention operation in parallel across multiple heads, i.e., projections of the
inputs. This improves hardware utilization due to increased parallelization and allows
the model to jointly attend to information from di erent representation subspaces.

In multi-head attention, the embedding dimension dnoqel Of the model is typically divided
into N, = dmodel =th _heads, which compute the corresponding attention outputs H? in
parallel. Finally, the outputs H @ are concatenated and transformed to form the output
of the multi-head attention layer:

MultiHeadAttention(X) = Concat(H @ ;:::;H Ny w > - (2.15)

where H® = Attention(X) is the single-head attention dened by equa-
tions (2.12) and (2.13), and Wy, 2 R9mde N ndn js the output projection weight
that mixes individual attention head outputs.

Feedforward layers. The position-wise feedforward layers in the Transformer architec-
ture operate in parallel and independently across every position in the sequence. They
modify each embedding vector by rst mapping it into a higher-dimensional space, then
applying a nonlinear activation, and nally projecting it back down to its original dimen-
sionality. There have been several feedforward layer designs explored (Shazeer, 2020), and
one common variant is the gated linear unit with the Swish activation function (Chowd-
hery et al., 2023; Touvron et al., 2023a):

FEN(X) = SWish(XW o) XW 2 Wi (2.16)

where Wyae; Wyp 2 Rd» d mae  gre weight matrices that project the inputs into the
feedforward dimension d, , and Wggwn 2 R9mee 4 o are weight matrices project-
ing the feedforward activations back into the original embedding dimension. de-
notes element-wise multiplication and the activation function Swish(x) = x (x), with
(x) = 1=(1 + exp( X)) being the sigmoid activation function.
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Transformer Blocks. Finally, the sequence mixing attention and token mixing feed-
forward layers are combined with normalization layers and residual skip connections (He
et al., 2015) into Transformer blocks, which are stacked to form the complete Transformer
architecture.

A conventional Transformer block Y = TransformerBlock(X) can be written as

Xam =X+ MultiHeadAttention(Norm(X));

(2.17)
Y =X amn +FFEN(Norm(X aun ));

where the normalization layer Norm(x) is typically chosen as the RMS norm (Zhang &
Sennrich, 2019). Another common choice in equation (2.17) is to apply the normalization
layer before the input to the attention and feedforward layer, which is commonly referred
to as pre-norm block architecture (Nguyen & Salazar, 2019; Xiong et al., 2020).

This core block architecture has become a foundation for stable large-scale training and
now serves as the backbone of today's most advanced language models. Most advances
and extensions primarily target one of the two layers: they either substitute the feedfor-
ward layers with Mixture-of-Experts layers (Fedus et al., 2022; Du et al., 2022) or intro-
duce more e cient variants of the attention mechanism (see Section 4.2.2), while largely
preserving the overall transformer block architecture and its normalization strategy.

In this thesis, we have also explored dierent block designs for the xXLSTM (see Sec-
tion 3.1), but similarly nd that this block architecture remains a robust and e cient
choice for scaling to large models and datasets (see Section 3.3).

2.3 Linear RNNs

Transformers with self-attention have replaced RNNs and LSTMs in language mod-
eling due to superior performance and scalable parallel processing of long sequences.
Today, they serve as the foundational architecture for nearly all recent language models.
Since recent applications demand ever-longer context windows for long documents,
large codebases, or multi-turn interactions with environments or users, the attention
mechanism despite its parallel computation creates signi cant challenges. These chal-
lenges arise due to the quadratic scaling of computational cost with the sequence length.
As a result, substantial work focuses on designing more e cient attention mechanisms
by lowering the computational cost or memory requirements of self-attention (Tay et al.,
2022) (see also Section 4.2.2).

Promising alternatives are linear RNNs, which retain the advantageous scaling behavior
of conventional RNNs (see Table 2.1), while enabling parallelizable state updates via
a recurrence relation that is linear with respect to the hidden state. Towards the end
of this section, we will see that there are several approaches for obtaining such linear
recurrences, each based on a distinct perspective on sequence modeling.

2.3.1 Linear Attention

Linear attention (Katharopoulos et al., 2020) lowers the computational cost of self-
attention from quadratic to linear by rewriting self-attention as a linear dot product over
kernel feature maps and exploiting the associativity of matrix multiplication. Speci cally,
the core insight is to view the exponential function in the softmax in equation (2.14) as
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a similarity function and to approximate this function by a dot product of nite dimen-
sional feature maps (x) as

|
sim (g k;) = exp ﬂd—klk @ 7 &) (2.18)
q

By inserting this approximation into equation (2.14) and making use of the associativity
of matrix products, we obtain

P - P >
e @ k0w @ TREM e o
‘ i @0 k) @0 o Kj) @7 ne’

where C; 2 R%« 9 v js the sum of the outer products of the keys and values, and n2 R %
is the sum of all keys up to time t.

We can rewrite these sums as linear recurrences, or in other words, as RNN with two
states given by
Ci=Ci1 + (k t)v¢;
ne=n¢ + (k1)

_Ci@y).
he= ——;

ne (9)
where we view G as a matrix valued memory cell and n as the normalizer state. The
feature map (x) is de ned as a non-linear activation function that is applied to each
element individually, e.g., originally (x) = elu(x) + 1.

(2.20)

Gating in linear attention. Several variations of this recurrence formulation have been
explored (Tiezzi et al., 2025). Prominent examples like RetNet (Sun et al., 2023) and
Gated Linear Attention (Yang et al., 2024) omit the normalizer state and multiply the
previous cell state G, by a constant scalar-valued decay factor or a data-dependent
vector-valued gate g(x;). These multiplicative factors on the previous cell state serve the
same purpose as the forget gate in the LSTM, controlling how much past information is
retained over time (see Section 2.1.2).

Chunkwise-parallel formulation. A core advantage of linear attention is the existence

of di erent mathematical formulations to compute the outputs, which can be exploited

in di erent operational modes. During generation, the outputs can be computed via the
recurrent formulation in equation (2.20), while during training, we can use the quadratic
parallel formulation similar to softmax-attention (but without applying the softmax). In
addition, since the recurrence is linear, we can also perform chunkwise-parallel compu-
tation by processing sequences in xed-size segments or chunks (Hua et al., 2022). The
main idea is to compute the memory state only at xed intervals or chunks in the rst
step, yielding T=L states, where T is the sequence length and L is the chunk size. Then,
in a second step, the outputs can be computed in parallel across all chunks. Since both
the parallel and the chunk-wise parallel formulations are dominated by matrix multipli-
cations, these computations can be executed e ciently on modern accelerator hardware.
We discuss this in greater depth in Section 3.2.
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2.3.2 State-Space Models

In the context of neural networks, the term state-space model typically refers to the
family of structured state-space sequence models (S4) (Gu et al., 2022b). These models
draw their inspiration from the well-established state-space formulation of linear time-
invariant (LTI) dynamical systems in control engineering (Ogata, 2010). In this setting,
linear indicates that the system can be characterized by a linear relationship in the hidden
states, while time-invariant means that the system's properties do not vary with time.
However, even though the design of S4 and other variants is theoretically principled, we
will see that one can achieve similar performance through a series of modi cations of
vanilla, non-linear RNNs from section 2.1 (Orvieto et al., 2023).

The state-space formulation of such continuous LTI systems describes the system through
a set of rst-order ordinary di erential equations mapping the input signal x(t) 2 R to
the output signal y(t) 2 R with the following equations *

h(t) = Ah(t) + Bx(t);  y(t) = Ch(t); (2.21)

fort >t o and the initial state x(t o). The evolution of the (hidden) state vector h(t) 2 R N
in equation (2.21) depends on the system matrix A2 R¥N  and the input matrix B 2
RN1 . The output is computed from the state vector via the output matrix C 2 R N

If the inputs x(t) and outputs y(t) are scalar signals, as in this presentation, the system
is called single-input, single-output (SISO). The other case where x(t) and outputs y(t)
are vectors is called multi-input, multi-output (MIMO).

SSM layer. The main concept behind state-space sequence models is to make the LTI
formulation in equation (2.21) learnable by parameterizing the system matrices (A; B; C)

as trainable weights and then using this parameterized system as a single layer within
a neural network. In order to form a state-space model (SSM) layer that maps vector-
valued inputs to vector-valued outputs, the SSM layer can be viewed either as a stack
of independent SISO state-space systems (Gu et al., 2022b; Gupta et al., 2022) or as a
single MIMO (Smith et al., 2023) system.

To be applicable to discrete input sequences, the continuous SSM operating on continuous
input signals x(t) must be discretized to operate on input sequences xsampled at discrete
time points t with a sample time or step size 2 R 5o (Gu et al., 2022a). There exist
several discretization rules, but a typical choice is zero-order hold discretization, which
assumes that the input x(t) is constant within each sampling interval. After discretization,
we can write the SSM via the recurrence

ht:Khtl +§Xt; yt:Cht; (222)

where the A =f o(;A)and B =f g(;A;B) are the discrete parameters expressed
as functions of the sample time and the continuous parameters A and B, which are
all learnable in SSM layers. This gives us a discrete linear update rule for the SSM,
which can be unrolled to compute the outputs during inference, similar to RNNs (see
Section 2.1). However, unlike conventional RNNs (and similar to linear attention), the
SSM formulation enables e cient, parallelizable representations during training when
the system matrix A has a special structure.

In control systems literature, the state variables are typically denoted by the symbol x and the control
inputs by u. In this text, we changed the notation to align it with conventions commonly used in
deep learning and recurrent neural networks.
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Diagonalization and ef cient training. When the complete sequence is accessible dur-
ing training, there are two standard approaches to e ciently parallelize the computation
of the recurrence. One strategy is to adopt a convolutional form of the SSM and lever-
age the Fast Fourier Transform (FFT) to compute the outputs e ciently (Gu et al.,
2022b; Gupta et al., 2022). An alternative is to retain the recurrent formulation while
parallelizing the recurrence computation using a parallel scan (Smith et al., 2023). Both
methods require computing powers of the discretized system matribdA 2 RNN | Be-
cause this involves performing many expensive matrix multiplications,A is commonly
chosen to be diagonal, which simpli es the matrix powers to powers of the scalar diagonal
values (Gupta et al., 2022; Gu et al., 2022a; Smith et al., 2023).

SSMs are linear RNNs. The state-space models S4, DSS, and S4D (Gu et al., 2022b;
Gupta et al., 2022; Gu et al., 2022a), along with S5 (Smith et al., 2023), all arise from
di erent instantiations of the aforementioned design choices, such as the form of the tran-
sition matrix, the selected discretization method, or the adopted parallelization strategy.
This illustrates how state-space models emerge from the discretization of continuous LTI
systems with a special structure for the transition matrix. The resulting discrete linear
recurrence relation in equation (2.22) shows notable similarities to vanilla RNNs (see
Section 2.1.1). However, when evaluated on the Long Range Arena (LRA), a benchmark
speci cally focused on assessing model quality under long-context scenarios (Tay et al.,
2021), these SSMs outperform standard RNNs as well as other e cient Transformer
variants by a large margin. This raises the question of where these performance gains
originate, despite the structural similarity to simple RNNs. Orvieto et al. (2023) show
that it is possible to design a new RNN layer that achieves similar performance to SSMs
on LRA but does not involve the discretization of LTI systems. Instead, their Linear
Recurrent Unit (LRU) layer can be obtained from standard RNNs through four main
steps: (1) linearization, i.e., removing in equation (2.1) and interleaving with feedfor-
ward layers (Section 2.2.2), (2) using complex diagonal recurrent weight matrices R to
enable the computation of the recurrence via parallel scans, (3) employing a stable ex-
ponential parameterization of the diagonal weights, and nally (4) adding normalization
to the hidden activations to avoid blow-up on long sequences.

Although SSMs and LRU achieve strong results on synthetic LRA tasks, their perfor-
mance in important domains such as language modeling still lags behind that of attention
by a substantial margin.

SSMs with gating. The key shortcoming of earlier SSM models, which hinders them
from e ectively handling discrete, information-rich inputs like text, is that they lack
mechanisms to selectively attend to or disregard specic inputs (Gu & Dao, 2024) a
capability that LSTMs achieve through input, forget, and output gates in the memory
cell (Hochreiter & Schmidhuber, 1997). To address this limitation Gu & Dao (2024) in-
troduce an SSM layer with a selection mechanism called Mamba, where the continuous
SSM parameters ;B and C depend on the current input X ;. Since the discrete system
matrix A depends on the step time (x ;), all parameters A(x {); B(x {) and C(x ) of
the discrete SSM recurrence are input-dependent, and the recurrent state update can be
written as o o

hei = AX hegi + B(X )Xy

Yei = C(X p)hyi;
where x; and y;; denote elements of the input and output vector x 2 Rdmosel  gnd
yt 2 R9me | respectively. As each input dimension is mapped to a state j 2 RN the
overall size of all dhoger States is N d model -

(2.23)
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The input dependent parameters essentially make the SSM time-varying and prohibit
parallel computation through convolution during training. Therefore, Mamba uses a par-
allel scan during training, similar to S5 and LRU, and prevents the materialization of the
expanded hidden states in GPU memory to further increase e ciency. By comparing the
input-dependent recurrence of the SSM in equation (2.23) with the memory cell update
equations (2.6) and (2.7), we can identify a clear alignment between the input-dependent
SSM parameters and the LSTM gates:A(x ;) takes the role of the forget gate, B(X )
the role of the input gate, and C(x) serves as output gate. The remaining di erence is
that in Mamba, the forget gate (corresponding to A;) and the input gates (correspond-
ing to B) are coupled via {, which is conceptually similar to Gated Recurrent Units
(GRUSs) (Cho et al., 2014b).

SSMs and linear attention. In addition to its connections to RNNs, Mamba is also
closely related to linear attention (see Section 2.3.1). In a follow-up work Dao & Gu
(2024) show that SSMs, especially Mamba with its input dependent SSM parameters,
are connected to linear attention through the lens of structured matrix multiplications.
On a high level, one can observe this duality between Mamba in equation (2.23) and linear
attention in equation (2.20) by viewing C(x ;) as the queries,B(x ;) as the keys, and the
inputs x; as the values of linear attention. The cumulative product of the system matrix
A(x ) across all timesteps can be subsumed into the causal mask of linear attention,
which then becomes an input dependent decay or forget mask. We refer to Dao & Gu
(2024) for details. The advantage of this view is that Mamba-2 (Dao & Gu, 2024)
the successor of Mamba can now use a chunkwise-parallel formulation during training,
similar to linear attention (see Section 2.3.1). Compared to the unrolling of the recurrence
via parallel scans, the chunkwise-parallel variant involves matrix multiplications. Hence,
it can be executed even faster on modern hardware, as it leverages specialized compute
units known as tensor cores (see Section 3.2 for further details).

For a more detailed discussion of state space models and linear attention variants, we
refer the reader to the recent survey by Tiezzi et al. (2025).

A unifying view of linear RNNs. In this section, we have discussed how linear RNNs
characterized by a xed size memory state and a data-dependent update rule with a linear
relation to the memory state have emerged in two lines of research as a competitive
and e cient alternative to Transformers with self-attention. In the linear attention line

of work (Section 2.3.1), linear RNNs with matrix-valued hidden states were derived by
directly linearizing softmax attention and incorporating a data-dependent decay or for-
get gate mechanism into the resulting recurrent state update rule. In the SSM line of
work (Section 2.3.2), linear sequence models were initially derived from rst principles
based on continuous-time dynamical systems and control theory and were later equipped
with data-dependent selection or gating techniques to improve their quality in modeling
discrete domains such as text.

We have observed that both approaches share the same core ingredients: First, the lin-
ear update rule admits alternative formulations for training and inference that preserve
e cient recurrent inference while enabling parallelization across time during training.
Second, the integration of data-dependent gating originally introduced in LSTMs to
mitigate vanishing gradients has been shown to be particularly e ective at improving
language modeling performance.
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This thesis. This unifying perspective highlights a gap in the recent literature on
sequence modeling architectures. While both linear attention models and state space
models have converged toward gated linear recurrent architectures revisiting key ideas
from LSTM the LSTM itself has remained outside of these architectural explorations,
despite being the conceptual origin of gating. What is still missing is a renewed inves-
tigation of the original LSTM ideas taking gating for granted and enhancing LSTMs

with the most recent methods developed for modern language models.

This thesis aims to close this gap by developing the xXLSTM family as an extension of tra-
ditional LSTMSs. Building on the success of sigmoid gating in LSTM, XLSTM introduces
exponential gating for better information routing and signi cantly enhances e ciency
with two novel memory structures: The sLSTM, a non-linear RNN that introduces block-
diagonal recurrent weights, still requires sequential computation but allows for more e -
cient implementations on modern hardware, and the mLSTM, a linear RNN that utilizes
a chunkwise-parallel form during training similar to linear attention and SSMs.



Chapter 3

Selected Publications

This chapter presents the main publications comprising this cumulative thesis.
Those four publications are:

1. (Sec. 3.1) Beck et al. (2024): xLSTM: Extended Long Short-Term Mem-
ory. Advances in Neural Information Processing Systems (NeurlPS), 2024.
Maximilian Beck*, Korbinian Podppel*, Markus Spanring, Andreas Auer, Olek-
sandra Prudnikova, Michael Kopp, Glnter Klambauer, Johannes Brandstetter, Sepp
Hochreiter.

2. (Sec. 3.2) Beck et al. (2025a): Tiled Flash Linear Attention: More E cient
Linear RNN and XLSTM Kernels. Advances in Neural Information Process-
ing Systems (NeurlPS), 2025._Maximilian Beck Korbinian Pdppel, Phillip Lippe,
Sepp Hochreiter.

3. (Sec. 3.3) Beck et al. (2025b): xXLSTM 7B: A Recurrent LLM for Fast and
E cient Inference. International Conference on Machine Learning (ICML), 2025.
Maximilian Beck*, Korbinian Pdppel*, Phillip Lippe*, Richard Kurle, Patrick M.
Blies, Gunter Klambauer, Sebastian Bock, Sepp Hochreiter.

4. (Sec. 3.4) Beck et al. (2025c¢): XLSTM Scaling Laws: Competitive Performance
with Linear Time-Complexity. International Conference on Learning Represen-
tations (ICLR), 2026. Maximilian Beck , Kajetan Schweighofer, Sebastian Bock, Se-
bastian Lehner, Sepp Hochreiter.

* indicates equal contribution.

The following subsections contain the referenced manuscripts as originally published, in-
cluding their respective appendices. For each publication, we provide a brief introduction
to o er additional context.
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Additional Publications

In the course of my doctoral studies at Johannes Kepler University Linz, | collaborated
on and co-authored the following additional papers:

Poppel et al. (2025): FlashRNN: I/O-Aware Optimization of Traditional
RNNs on Modern Hardware. International Conference on Learning Representa-
tions (ICLR), 2025. Korbinian Pdppel, Maximilian Beck , Sepp Hochreiter.

Alkin et al. (2025): Vision-LSTM: XLSTM as Generic Vision Backbone. In-
ternational Conference on Learning Representations (ICLR), 2025. Benedikt Alkin,
Maximilian Beck, Korbinian Poppel, Sepp Hochreiter, Johannes Brandstetter.

Schmied et al. (2025b): A Large Recurrent Action Model: XLSTM enables

Fast Inference for Robotic Tasks. International Conference on Machine Learning
(ICML), 2025. Thomas Schmied, Thomas Adler, Vihang Patil, Maximilian Beck,
Korbinian Poppel, Johannes Brandstetter, Gunter Klambauer, Razvan Pascanu, Sepp
Hochreiter.

Dinu et al. (2023): Addressing Parameter Choice Issues in Unsupervised
Domain Adaptation by Aggregation. International Conference on Learn-

ing Representations (ICLR), 2023. Marius-Constantin Dinu, Markus Holzleitner,
Maximilian Beck, Hoan Duc Nguyen, Andrea Huber, Hamid Eghbal-zadeh, Bern-
hard A. Moser, Sergei Pereverzyev, Sepp Hochreiter, Werner Zellinger.

Gauch et al. (2022): Few-Shot Learning by Dimensionality Reduction in
Gradient Space. Conference on Lifelong Learning Agents (CoLLAs), 2022. Mar-
tin Gauch, Maximilian Beck, Thomas Adler, Dmytro Kotsur, Stefan Fiel, Hamid
Eghbal-zadeh, Johannes Brandstetter, Johannes Ko er, Markus Holzleitner, Werner
Zellinger, Daniel Klotz, Sepp Hochreiter, Sebastian Lehner.

During my summer internship in 2025 in the Meta FAIR CodeGen Team in Paris, |
collaborated on and (co-)authored the following additional papers:

Beck et al. (2026): Towards Neural Debuggers. Under review at International
Conference on Machine Learning (ICML), 2026. Maximilian Beck, Jonas Gehring,
Jannik Kossen, Gabriel Synnaeve.

Cabannes et al. (2026): Short window attention enables long-term memo-
rization. International Conference on Learning Representations (ICLR), 2026. Loic
Cabannes, Maximilian Beck Gergely Szilvasy, Matthijs Douze, Maria Lomeli, Jade
Copet, Pierre-Emmanuel Mazaré, Gabriel Synnaeve, Hervé Jégou.

FAIR CodeGen Team et al. (2025): CWM: An Open-Weights LLM for Re-
search on Code Generation with World Models. Technical Report, arXiv,
2025. FAIR CodeGen Team.
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3.1 XLSTM: Extended Long Short-Term Memory

In this publication, the main goal was to design a practical RNN alternative to the
Transformer language model architecture. At the time of starting this project in early
2023, ChatGPT (OpenAl, 2022) and the rst Llama series (Touvron et al., 2023a) were
just released, marking the dawn of both the closed- and open-source LLM era. In parallel,
several large-scale LLM training e orts in academia and industry were in their inception,
but all focused fully on Transformer architectures (Brown et al., 2020; Workshop, 2023;
Zhang et al., 2022; Black et al., 2022; Chowdhery et al., 2023). Besides these e orts
to train Transformer LLMs, there was also a growing interest in applying alternative,
potentially more e cient architectures, such as convolutional neural networks, state space
models, or RNNs to language modeling (Mehta et al., 2023; Fu et al., 2023).

Initially, this work was strongly inspired by RWKV-4 (Peng et al., 2023), which was
one of the rst works to demonstrate that RNNs could be on par with Transformers
in the language domain. Concurrent with this project, other works starting from linear
attention, such as RetNet (Sun et al., 2023), Gated Linear Attention (Yang et al., 2024),
or state space models like Mamba (Gu & Dao, 2024), also demonstrate similar results.

What sets the xLSTM apart from these other works is its starting point in the LSTM
and its early focus on the expressivity of sequence models, measured by how well the
model can solve state tracking problems in formal languages (Merrill et al., 2024; Merrill
& Sabharwal, 2023; Delétang et al., 2023). Speci cally, we introduce the xXLSTM as a
recurrent LLM with two memory cells: The sLSTM, a non-linear RNN similar to the
original LSTM, which is more expressive and can solve state tracking problems, and the
mMLSTM, a linear RNN that is sequence-parallelizable and hence more e cient for large
scale language modeling.

This paper was published as spotlightat the Conference on Neural Information Process-
ing Systems (NeurlPS) 2024. Before, the paper was published at the Long-Context Foun-
dation Models workshop and as orabt ES-FoMo II: 2nd Workshop on E cient Systems
for Foundation Models at the International Conference of Machine Learning (ICML)
2024. Maximilian Beck and Korbinian P6ppel share rst authorship of this publication.

Contributions of the author Maximilian Beck (MB). Sepp Hochreiter initiated the

e ort to explore LSTM-based language models. MB designed and implemented the rst
XLSTM experiments and led the development of the research codebase from start to
nish. He was in charge of the large scale language modeling experiments and was involved
in every detail of the experiments. MB proposed the multi-head version (i.e., the new
memory mixing) and the output projection of the sSLSTM, derived the recurrent mLSTM
formulation, and explored several normalization strategies (including the nal one) of
the mLSTM. He highlighted the connection between sLSTM and mLSTM via the forget,
input, and output gates. MB suggested combining SLSTM and mLSTM using di erent
blocks.

For the appendix of this publication, we direct the reader to Appendix A.
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3.2 Tiled Flash Linear Attention: More Ef cient Linear
Attention and XxXLSTM Kernels

In the experiments reported earlier in Section 3.1, we found that mixing sSLSTM and
mLSTM layers did not yield better performance on natural language tasks compared
to using only mLSTM layers. This means that the mLSTM should be an essential part
of our e orts to further scale up XLSTM models. However, our then-current native Py-
Torch implementation, which relied on the parallel version of the mLSTM, was slow and
consumed substantial GPU memory, preventing us from e ciently training larger models.

In this project, the aim was to develop hardware-aware kernel algorithms and imple-
mentations for the mLSTM. In the rst attempt, we started by implementing kernels in
pure CUDA for the parallel formulation of the mLSTM based on Flash Attention 2 (Dao,
2024), but this approach had several limitations. First on the conceptual level the scal-
ing of the parallel formulation of the mLSTM was quadratic (similar to self-attention),
and, second on the implementation level relying on pure CUDA C, without any higher-
level frameworks such as ThunderKittens (Spector et al., 2025) or CUTLASS (NVIDIA,
2026), makes e ective use of tensor cores on GPUs dicult. As a result, our parallel
mLSTM CUDA kernels did not achieve speedups over the PyTorch native implementa-
tion but provided useful insights.

Therefore, in the second attempt, we derived the chunkwise-parallel formulation for the
mLSTM and implemented Triton (Tillet et al., 2019) kernels for this formulation, similar

to Flash Linear Attention (Yang et al., 2024). Triton is a domain speci ¢ language (DSL)
that enables GPUs kernel programming in Python and simpli es the use of tensor cores on
GPUs. These kernels achieved, for the rst time, faster runtimes than optimized Flash
Attention kernels. However, in terms of memory usage, the chunkwise-parallel kernels
require signi cantly more GPU memory because they materialize many memory states.
Instead, the previous parallel mLSTM CUDA kernels did not use any additional GPU
memory beyond the inputs and outputs.

In this publication, we identify the chunk-size limitation as the reason for the increased
GPU memory consumption and propose Tiled Flash Linear Attention (TFLA), which
combines the insights from our rst attempt, namely tiling along the sequence dimension,
with the inter chunk recurrence from our second attempt. TFLA overcomes the chunk size
limitation and demonstrates that mLSTM kernels based on TFLA outperform highly op-
timized Flash Attention and linear attention kernels. In addition, we explore other ways
to reduce kernel runtime by modifying the mLSTM gating mechanism. Speci cally, we
explore replacing the exponential input gate activation function with the sigmoid activa-
tion function, with adapted input gate bias initialization to avoid the need for normalizer
states. In our experiments, we show that the mLSTM with a sigmoid input gate and
proper initialization yields faster kernel runtimes and similar performance in language
modeling compared to the exponential input gate with up to 1.4 billion parameters

This paper was published at the Conference on Neural Information Processing Systems
(NeurlPS) 2025. Before, it was published at the 2nd Workshop on Foundation Models
in the Wild and the Open Science for Foundation Models workshop at the International
Conference for Learning Representations (ICLR) 2025.

For the appendix of this publication, we direct the reader to Appendix B.
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3.3 XLSTM 7B: A Recurrent LLM for Fast and Ef cient
Inference

So far, we have developed all the requirements to further scale up XLSTM based lan-
guage models: With xLSTM (see Section 3.1), we have introduced novel language model
architectures that achieve language modeling performance on par with or better than
Transformers at small scales while o ering improved e ciency in both computational
cost and memory usage. In addition, with FlashRNN (Poppel et al., 2025) and TFLA
(see Section 3.2), we have introduced hardware-aware algorithms and low-level imple-
mentations that translate these advantages into reduced wall-clock runtime.

The main goal of this publication is to demonstrate that we can build LLMs of practical
sizes with the xLSTM architecture and explore the trade-o s at this scale. Other technical
reports on large Transformer language models show that, at scale, stable convergence
and high throughput are crucial for e cient training.(Zhang et al., 2022; Black et al.,
2022; Chowdhery et al., 2023). Therefore, we outline our optimizations for e ciency
and training stability and introduce xLSTM 7B, an xXLSTM based LLM with 7 billion
parameters trained on 2.3 trillion tokens. Our experiments demonstrate that xXLSTM 7B
performs comparably to similarly sized Transformer models while o ering signi cantly
faster inference speeds. In evaluating long-context tasks from RULER (Hsieh et al., 2024),
we identi ed the main drawbacks of constant-memory LLMs on needle-in-the-haystack
retrieval tasks. While xLSTM 7B shows bene cial length extrapolation capabilities, its
overall performance on RULER still lags behind that of Transformer models. However,
we found that xXLSTM 7B's RULER performance can be substantially enhanced by ne-
tuning it on longer-context data, suggesting that future XLSTM LLMs are likely to gain
from improved long-context training strategies.

This paper was published at the International Conference on Machine Learning (ICML)
2025. Before, it was published at the 2nd Workshop on Foundation Models in the Wild
and the Open Science for Foundation Models workshop at the International Conference
for Learning Representations (ICLR) 2025. Maximilian Beck, Korbinian P&ppel, and
Phillip Lippe share rst authorship of this publication.

Contributions of the author Maximilian Beck (MB). MB prepared our early Py-
Torch codebase for training 7 billion parameter models and explored early architecture
candidates. MB developed and integrated the mLSTM Triton kernels into our PyTorch
and JAX codebases and proposed mixed precision recipes and input gate initializations
to improve training stability. MB suggested the nal block architecture of XLSTM 7B
(i.e., moving from Mamba-style to Transformer-style mLSTM blocks). MB directed the
inference speed benchmarking experiments, wrote substantial portions of the manuscript,
and was deeply involved in all aspects of the project.

For the appendix of this publication, we direct the reader to Appendix C.
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3.4 XLSTM Scaling Laws: Competitive Performance with
Linear Time-Complexity

With xXLSTM 7B (see Section 3.3), we have demonstrated that recurrent language mod-
els based on the XLSTM architecture perform comparably to the dominant Transformer
architecture, while achieving much higher training and inference e ciency at produc-
tion level scale. However, the design choices for XLSTM 7B were mainly guided by our
own internal experiments at a small scale and scaling law studies on the Transformer
architecture in the literature. This motivates a deeper investigation into optimal scaling
strategies for XLSTMs. In particular, we systematically characterize the scaling behaviors
and tradeo s of linear-time complexity XLSTM models and quadratic-time complexity
Transformer models. Our study reveals that in the overtraining regime, i.e., very high
token to parameter ratios, the loss of XLSTM follows consistent power laws similar to
those of Transformers, and that the compute optimal XLSTM model size is larger than
that of Transformers. Notably, when comparing loss vs. compute in terms of FLOPs, we
nd that xLSTM models consistently Pareto-dominate Transformer models, delivering
lower cross-entropy loss for the same compute budget.

This paper was published at the International Conference of Learning Representations
(ICLR) 2026. Before, it was published at the Rethinking Al: E ciency, Frugality, and
Sustainability workshop at EurlPS 2025.

For the appendix of this publication, we direct the reader to Appendix D.
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Chapter 4

Conclusion

The widespread deployment of large language models (LLMs) across diverse sectors of
society demands for ongoing advancements in both computational and cost-e ciency.
Motivated by the favorable linear scaling of LSTMs compared to the quadratic scaling
of Transformers in computational cost with sequence length, we revisited original LSTM
ideas in the domain of modern language models. Our goal was to challenge the prevalent
dominance of the Transformer architecture by designing new LSTM architectures using
the tools from modern language modeling.

Contributions. To this end, the contributions of this thesis span several layers of
language model development: In terms of architecture design, this thesis enhanced the
LSTM to xLSTM by incorporating exponential gating and new memory structures. On
the systems level, we proposed Tiled Flash Linear Attention (TFLA), a new kernel algo-
rithm for the class of linear RNNs that improves the utilization of modern hardware and
achieves state-of-the-art training kernel runtimes for the XLSTM with matrix memory
(mLSTM). Lastly, on the scaling of new language model architectures, we built XLSTM
7B, a competitive 7-billion-parameter language model with faster inference speeds, and
performed a large scale study of XLSTM's scaling laws. Our ndings reveal that, in
typical LLM training and inference scenarios, XLSTM scales favorably compared to
Transformers. Taken together, these contributions establish that recurrent architectures
based on LSTM ideas can be rst-class language models when co-designed with modern
memory structures and hardware-aware training algorithms.

In the remainder of this section, we outline remaining limitations (Section 4.1), contex-
tualize the xXLSTM in the broader literature (Section 4.2), and point towards directions
for future research (Section 4.3). We close by revisiting the initial research question of
this thesis (Section 4.4).

4.1 Limitations

This thesis develops and systematically analyzes the xLSTM as a step toward more
e cient language model architectures. Several limitations nonetheless remain, suggesting
clear avenues for future work.

Limited memory size. The main e ciency advantage, as well as the linear time-
complexity of RNNs, stems from their constant sized memory, which stores the
information in the input sequence in compressed form. By design, the information
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compression in recurrent language models with gatingis lossy, which can be observed
empirically in recall tasks (Arora et al., 2024a). In our experiments with xXLSTM 7B,
we observed a similar trend: While xXLSTM 7B shows bene cial length extrapolation
capabilities, its overall performance on needle-in-the-haystack-like recall tasks still lags
behind that of Transformer models (see Section 3.3). This suggests that there exists a
trade-o between an LLMs memory state size, which is often directly linked to inference
e ciency, and their recall abilities (Arora et al., 2024b). One simple remedy to recover
Transformers' recall abilities in practice is to mix attention and RNN layers within one
model (MiniMax et al., 2025; Kimi Team et al., 2025; Qwen Team, 2025). However, this
reintroduces quadratic time complexity, but only for a small number of layers, and hence
has a reduced e ect on end-to-end runtime.

Model scale. The size of XLSTM language models built within the scope of this thesis

is limited to 7 billion parameters. While this size still remains important in the open-
source ecosystem, the size of open frontier models has grown beyond several hundred
billion parameters (DeepSeek-Al, 2025b; Yang et al., 2025; Kimi Team, 2025). Building
even larger XLSTM models in combination with Mixture-of-Expert layers (Fedus et al.,
2022; Du et al., 2022) remains future work. However, even though frontier model sizes are
growing, there seems to be a trend towards smaller models targeted for on-device usage,
which o ers interesting application scenarios for recurrent LLMs such as xLSTM (Amini

et al., 2025; Lacombe et al., 2025; Gemma Team, 2025).

Ecosystem maturity. While this thesis demonstrates the competitiveness of XxLSTM
as a base language model architecture, its practical deployment is currently con-
strained by limited ecosystem support. Most production-grade inference engines such as
VLLM (Kwon et al., 2023), SGLang (Zheng et al., 2024), or llama.cpp (ggml-org, 2025)
are designed and deeply optimized for Transformer-style attention, and only recently
began to support recurrent alternatives with custom memory structures (vVLLM Team
at IBM, 2025; SGLang Team, 2025). As a result, key optimizations for e cient serving,
batching, and low-latency decoding that are standard for Transformers are not readily
available for xXLSTM. Therefore, in the controlled inference benchmarks in this thesis
(Sections 3.3 and 3.4), we compared optimized PyTorch Transformer and XLSTM im-
plementations from HuggingFacé. The lack of high-throughput inference engine support
also a ects the development of so-called reasoning models based on the xLSTM architec-
ture. Reasoning models (OpenAl, 2024; DeepSeek-Al, 2025a) are trained with reinforce-
ment learning (RL) to produce thinking traces before responding, thereby solving more
complex problems in science, coding, and math. An essential element of these RL training
pipelines is fast online text generation, typically implemented via common inference en-
gines. Consequently, in this thesis, we did not develop reasoning-oriented XLSTM models
nor conduct RL-based ne-tuning. Closing this gap will require broader ecosystem adop-
tion, including support for XLSTM in common inference engines, training frameworks,
and RL pipelines, which, in turn, would enable a direct comparison between recurrent and
Transformer-based reasoning models under comparable training and serving conditions.

1In LSTM, the information loss due to memory resets is explicitly designed through a forgetting mecha-
nism (Gers et al., 2000). Note that the original LSTM actually did not have a forget gate (Hochreiter,
1991; Hochreiter & Schmidhuber, 1997).

2https://huggingface.co/NX-Al/XLSTM-7b
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4.2 Applications and Broader Design Space

Besides its application as an e cient language model, the XLSTM is a general sequence
model with applications in various other domains. In this section, we provide an overview
of these applications of the xLSTM (Section 4.2.1) and position the XLSTM within the
broader literature on e cient attention mechanisms for LLMs (Section 4.2.2).

4.2.1 Applications of XLSTM

XLSTM's advantage in its e cient processing of long sequences transfers across di er-
ent domains and can even unlock domain-speci ¢ use cases with tight computational
constraints.

Vision. When xLSTM is adopted as a generic vision backbone, its linear scaling in
sequence length leads to a better performance to compute ratio and enables e cient
processing of higher resolution images (Alkin et al., 2025; Huang & Hu, 2024). In the
eld of remote sensing, these properties turn out to be crucial when segmenting (Zhu
et al., 2024), classifying (Roy et al., 2025), or detecting changes (Wu et al., 2025) in
high resolution satellite imagery. Similarly, in medical imaging, XLSTM advances the

segmentation of biomedical images in both 2D and 3D (Chen et al., 2024).

Robotics. When used as a backbone for action generation policies, XLSTM may fa-
cilitate local deployment on mobile robots due to its low computational and memory
constraints. In this case, xLSTM can serve as the backbone of Decision Transformer-
style action models (Schmied et al., 2025a), where xLSTM is trained to predict the next
action given a sequence of previous states and returns-to-go, or as the backbone of multi-
modal imitation learning policies with language and image (Jia et al., 2025a), as well as
point cloud inputs (Jia et al., 2025b).

Timeseries. In the domain of time series modeling, traditional LSTMs have proven
highly e ective and are widely used in practice (Nearing et al., 2024). XLSTM extends
these capabilities with new gating techniques and memory structures. Especially the
scalar memory cell (sSLSTM), which inherits the recurrent weights and hence its state-
tracking capabilites from the traditional LSTM, shows bene cial time series modeling
capabilities and has been adopted in several sSLSTM-based time series models (Kraus
et al., 2025; Kong et al., 2025). In addition, XLSTM time series models (Alharthi &
Mahmood, 2024) have been explored in special use cases such as, for example, stock price
prediction (Fan et al., 2024), multi-variate time series anomaly detection (Faber et al.,
2025), or tra ¢ ow forecasting (Huang et al., 2025). Recently, in the emerging eld of
time series foundation models, SLSTM has shown strong performance as a backbone for
the time series foundation model TiRex (Auer et al., 2025b), which is trained on a large set
of diverse time series to enable zero-shot forecasting or classi cation (Auer et al., 2025a).

Others. There is even a wide range of other domains outside these categories in which
XLSTM has been applied. For example, it has been used for modeling biological and
chemical sequences (Schmidinger et al., 2025), predicting vehicle trajectories (Chugh
et al., 2025), learning general-purpose audio representations (Yadav et al., 2025), en-
coding bytes in byte-level language models (Minixhofer et al., 2025), or even detecting
gravitational waves (Wang et al., 2025a).

Collectively, these applications show that XLSTM is not a language-speci ¢ architecture
but rather a general sequence model with favorable e ciency performance trade-o s.
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4.2.2 XLSTM in the Broader Design Space of Ef cient LLMs

Throughout this thesis, and most explicitly in Section 4.1, we have observed that the
constant size of the memory state in fully recurrent LLMs is a primary driver of their
favorable compute and memory e ciency, but it comes at the cost of precise recall of
arbitrary information from long contexts. Besides fully recurrent LLMs, such as XLSTM,
numerous other techniques aim to improve the e ciency of Transformer-based language
models by exploring similar trade-o s between memory capacity, computational cost,
and recall ability. A unifying way to relate these approaches is to consider the internal
memory representation that LLMs maintain in order to process and generate text, and to
view this analogously to the hidden state of RNNs as the model's memory state. For
the standard Transformer architecture with self-attention, this memory state takes the
form of a growing bu er of past key and value vectors, commonly referred to as the KV-
cache, which is typically allocated as a four-dimensional tensor with axes corresponding
to (1) number of layers, (2) context size, i.e. the number of tokens in the sequence, (3)
number of heads for the keys and values, and (4) the dimension of the heads.

Following this memory state abstraction, we categorize a range of e cient attention
mechanisms and architecture designs across these axes and place xXLSTM within this
broader design space. In particular, we organize methods along the axes by which they
reduce the size of the memory state.

Number and type of layers. There are several architectural designs that change the
type of memory state across the layers, with the aim of reducing the overall size. One
example of such designs is hybrid model architectures that alternate in speci c ratios be-
tween di erent attention window sizes, often referred to as local-global attention (Gemma
Team, 2025; FAIR CodeGen Team et al., 2025), between full-attention and linear RNN
layers (Kimi Team et al., 2025; Qwen Team, 2025), or even between local attention and
linear RNN layers (De et al., 2024). Instead of alternating memory state types, some
methods also share the KV-cache (Sun et al., 2024) or the memory state of a linear
RNN (Ren et al., 2025) among several layers. When considering hybrid architectures
with XLSTM layers (Cabannes et al., 2026), they fall into this category.

Context size. Since the number of tokens in the sequence is the dimension along which
the computational cost of attention grows quadratically, many studies seek to minimize
the overhead associated with this dimension. A straightforward way to reduce this dimen-
sionality and thus the computational cost is to restrict attention to a narrow sliding
window or to a prede ned attention pattern while discarding all other tokens (Beltagy
et al., 2020), except for the initial input tokens, which are commonly known as atten-
tion sinks in such streaming setups (Xiao et al., 2024b). Instead of imposing structural
constraints on the attention pattern, another line of work aims to train sparse atten-
tion mechanisms that attend only to relevant tokens. Typically, these methods segment
the sequence into blocks and select relevant blocks by computing the block-wise impor-
tance or a nity scores for the current token (Yuan et al., 2025; Lu et al., 2025). Other
training-free methods extend the context window of LLMs during inference by storing
distant tokens in the sequence in additional memory units and then looking up relevant
token-groups just before the attention computation (Xiao et al., 2024a; Fountas et al.,
2025). In contrast, recurrent LLMs iteratively compress and overwrite historical infor-
mation within a xed-size memory state by means of a learned gating mechanism. From
the perspective of the KV-cache, the state size of these recurrent LLMs corresponds to
a narrow sliding window, yet with substantially better length extrapolation capabilities
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(see Section 3.3). Consequently, the xLSTM introduced in this thesis can be understood
as one speci ¢ method for constraining the e ective memory size, thereby improving the
computational e ciency of contemporary LLM architectures.

Number of KV-heads. Typically, the attention function is performed in parallel across
several di erent projections so called heads of the queries, keys, and values. In stan-
dard multi-head self-attention (Vaswani et al., 2017), every query head has a correspond-
ing key and value head pair. However, in order to reduce the KV-cache size and speed
up inference, one key-value head pair can also be shared across all query heads in multi-
query attention (Shazeer, 2019), or across several query heads in grouped-query attention
(GQA) (Ainslie et al., 2023). GQA has been shown to deliver such consistent improve-
ments in e ciency and performance that it has e ectively become the de facto standard
for current language model architectures (Touvron et al., 2023b; Gratta ori et al., 2024;
OpenAl et al., 2025; FAIR CodeGen Team et al., 2025).

Head dimension. Instead of dividing the key and value heads into groups and storing
them in the KV-cache, Multi-Latent Attention (MLA) jointly compresses key and value
heads into a single latent vector with a low compression dimension (DeepSeek-Al, 2024).
This e ectively supports e cient inference by reducing the KV-cache to the size of GQA
with only about two groups. Since its introduction, MLA has seen rapid adoption in
several open-source LLMs (DeepSeek-Al, 2025b; Kimi Team, 2025).

Empirical studies have shown that using fewer heads (i.e., larger head dimensions) com-
pared to Transformers yields better performance for linear RNNs, including XLSTM (Sun

et al., 2023; Yang et al., 2024; Beck et al., 2025b). However, while fewer heads with
larger head dimensions increase the size of the hidden states, the overall memory size
still corresponds to that of a relatively small sliding window (see Section 3.3). Thus, the
primary source of memory savings in recurrent LLMs is the compression of information
along the sequence length dimension.

4.3 Future Work

Beyond the limitations discussed above, this thesis motivates a broader set of research
directions toward new architectures, new memory mechanisms, and more capable agentic
systems.

Architecture and memory design. One promising direction is to push the frontier

of cost-e cient LLM architectures by further exploring hybrid designs that combine the
complementary strengths of recurrent models and attention-based mechanisms. Rather
than viewing recurrent and attention-based approaches as competing paradigms, a
unifying view that treats both as instances of memory compression and sparse selection
may lead to new architectures with more principled trade-o s between e ciency and
recall abilities. Beyond e ciency, an important open question is how to equip LLMs
with better internal memory mechanisms. In particular, architectures that learn how to
store, index, and retrieve facts from an internal neural long-term memory could enable
better reasoning over long contexts. Recent work on embedding-based and conditional
lookup mechanisms shows that additional memory modules can serve as an e ective way
to increase knowledge capacity and sparsity in LLMs (Sadhukhan et al., 2026; Cheng
et al., 2026). Combining such ideas with the xXLSTM could |l the gap between recurrent
memory and the unbounded size of KV-caches in Transformers, potentially yielding
models that combine strong recall with linear-time complexity.
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Systems and hardware-aware design. Over the past years, a continuing trend in the
evolution of modern hardware accelerators is that the speed of compute units is growing
much faster than the memory or interconnect bandwidth (Gholami et al., 2024). Hence,
for high-performance kernels, it becomes increasingly important to overlap computation
with memory operations within a single GPU or with communication across multiple
GPUs. To support this, recent GPU generations are equipped with new hardware fea-
tures that allow for better asynchronous data movement, such as copy engines or tensor
memory accelerators (TMA) (Sul et al., 2025; Luo et al., 2025b). This increase in hard-
ware complexity and concurrency makes it di cult to develop new kernel algorithms
directly in low-level CUDA C++. Therefore, to reduce development e ort and ensure
performance portability across hardware architectures, new kernel algorithms should use
appropriate abstractions or domain-speci ¢ languages (Tillet et al., 2019; Spector et al.,
2025).

The development of TFLA (see Section 3.2) in this thesis demonstrates that the combi-
nation of I/O-aware algorithm design and the correct level of abstraction is critical for
realizing the theoretical e ciency bene ts of recurrent architectures in practice. In the fu-
ture, domain-speci c languages for GPU kernel programming will continue to evolve, with
ongoing trends o ering a better integration in high level frameworks (PyTorch Team at
Meta, 2025) and better support for new hardware features, e.g., warp specialization (Ren
et al., 2026).

Beyond enabling further e ciency optimizations, these advancements o er new oppor-
tunities for architectural exploration, allowing researchers to prototype and evaluate se-
guence modeling designs that make e ective use of the latest accelerator capabilities.
In this context, a promising direction is the development of recurrent architectures and
sequence modeling primitives that map natively to multi-GPU and distributed settings,
extending hardware-aware design beyond single-device execution (Sul et al., 2025), for ex-
ample, via sequence-parallel XLSTM layers that distribute di erent subsequences across
GPUs. More generally, this suggests a co-evolution of model architectures and kernel ab-
stractions, in which new sequence modeling primitives are designed in combination with
emerging DSL features and abstractions.

Architectures for agentic systems. Beyond their use as chat-bots, a growing trend is

to embed large language models into agentic systems that can autonomously solve multi-
step, long-horizon tasks. In these work ows, LLMs are wrapped with agent harnesses that
de ne how LLMs access tools, search the web, or execute self-generated code (Wang et al.,
2025b; Luo et al., 2025a). That means that instead of generating conversational text,
LLMs now produce and execute actions in real or simulated environments. In these cases,
small and e cient language models such as xLSTM could provide a more economical
alternative to large Transformer-based LLMs (Belcak et al., 2025). As e cient backbones
with access to external tools, XLSTM models could support local, on-device agentic
inference with lower latency, reduced cost, and better privacy control. Beyond the direct
application of XLSTM models in such frameworks, the recurrent paradigm may also guide
the design of future agentic architectures. In these new agentic systems, LLMs produce
long trajectories of tool and environment interactions, where the model must maintain
and evolve a persistent internal state to generate the next actions. From this perspective,
LLMs are becoming stateful computation engines, and recurrent architectures, with their
explicit memory states and incremental update rules, provide a natural inductive bias
for such settings. Therefore, instead of treating recurrence solely as an e cient way to
process long sequences, future architectures may adopt recurrent principles as a design
choice for stateful, agentic Al systems.
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4.4 Closing Note

To conclude, we are now in a position to give a positive answer to our initial question:

Can we design a language model architecture that preserves the compute and
memory scaling advantages of LSTMs while matching or surpassing Trans-
formers in both quality and e ciency?

In this thesis, we have revisited language modeling with LSTMs and demonstrated,
through the development of xXLSTM, that modernized recurrent architectures can serve
as competitive and e cient language models.

During our exploration of the design space of LSTMs for language modeling, this thesis
has contributed across the full stack, from algorithmic improvements to hardware-aware
implementations and large-scale training setups. We hope that our ndings and insights
will continue to inspire future research and practical advancements in e cient language
modeling. More generally, this thesis suggests that LSTM ideas remain important design
principles for modern sequence models when combined with appropriate memory struc-
tures and hardware-aware training algorithms. As language models continue to move
beyond centralized data centers into resource-constrained and privacy-sensitive applica-
tions, e cient architectures such as xXLSTM may play an increasingly important role in
both research and practice. Ultimately, we view xXLSTM not as a nal answer but as a
step towards the design of scalable and e cient architectures for the next generation of
large language models.
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