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ABSTRACT

Language models for biological and chemical sequences enable crucial applications
such as drug discovery, protein engineering, and precision medicine. Currently,
these language models are predominantly based on Transformer architectures.
While Transformers have yielded impressive results, their quadratic runtime depen-
dency on the sequence length complicates their use for long genomic sequences
and in-context learning on proteins and chemical sequences. Recently, the re-
current XLSTM architecture has been shown to perform favorably compared to
Transformers and modern state-space model (SSM) architectures in the natural
language domain. Similar to SSMs, XLSTMs have a linear runtime dependency
on the sequence length and allow for constant-memory decoding at inference time,
which makes them prime candidates for modeling long-range dependencies in
biological and chemical sequences. In this work, we tailor xXLSTM towards these
domains and propose a suite of architectural variants called Bio-xLSTM. Extensive
experiments in three large domains, genomics, proteins, and chemistry, were per-
formed to assess xLSTM’s ability to model biological and chemical sequences. The
results show that models based on Bio-xLSTM a) can serve as proficient generative
models for DNA, protein, and chemical sequences, b) learn rich representations
for those modalities, and c) can perform in-context learning for proteins and small
molecules.

1 INTRODUCTION

Accurate computational models for biological sequences are essential for translating data into
actionable insights in modern biology. Biological sequences like DNA, RNA, and proteins are
central to molecular biology, genomics, and drug discovery. Major projects like the Human Genome
Project (Lander et al., 2001) and the 1000 Genomes Project (1000 Genomes Project Consortium,
2010) have driven large-scale data collection efforts. Modeling these sequences is key to advancing
life sciences (Benegas et al., 2023; Karollus et al., 2024), interacting with biological systems (Hopf
etal., 2017; Riesselman et al., 2018; Yang et al., 2019) or predicting phenotypes from genetic variants
(Ashley, 2016; Brandes et al., 2023; Acosta et al., 2022). Similar efforts exist for protein sequences
(The UniProt Consortium, 2023) and small molecules (Kim et al., 2023; Zdrazil et al., 2023), used
for tasks like protein engineering (Arnold, 2018; Yang et al., 2019), predicting 3D structures (Jumper
et al., 2021), and drug discovery (Zhavoronkov et al., 2019). Large language models (LLMs) (Brown
et al., 2020; Bubeck et al., 2023) have emerged as prime candidates for modeling biological sequences
and serving as foundation models for molecular biology and chemistry (Ji et al., 2021; Schiff et al.,
2024; Nguyen et al., 2023; Rives et al., 2021; Lin et al., 2023).

Large language models for biological sequences must handle long sequences and incorporate
context. The rise of LLMs (Radford et al., 2018; Brown et al., 2020; Bubeck et al., 2023) has
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Figure 1. Overview of Bio-xLSTM.Top left: xLSTM for natural language processing tasks.
Top right: Considered modeling approaches for biological sequences: masked language modeling,
equivariance to reverse complementary sequence, and in-context leaBottgm left: DNA-

XLSTM models are trained on genomic DNA sequences and then ne-tuned on downstream tasks.
Bottom center: Prot-xXLSTM models are trained in a causal modeling setting with a lI-in-the-middle
objective and use homologous proteins for in-context learragtom right: Chem-xLSTM models

are trained to generate small molecules. For an in-context learning setting, Chem-xLSTM models use
molecules with known properties as the context.

revolutionized numerous elds, including life sciences. MbkM s are based on the Transformer
architecture (Vaswani et al., 2017), which excels at predicting the next or missing token using self-
attention. However, the self-attention mechanism scales quadratically with sequence length, making
long-sequence modeling computationally expensive. As a result, most biological sequence models
use short contexts (Rives et al., 2021; Ji et al., 2021; Dalla-Torre et al., 2024). However, biological
sequences require long context windows for accurate modeling because of their important long-range
interactions due to 3D folding (An nsen, 1973), or gene regulation in DNA (Bouwman and de Laat,
2015). The human genome spans around three billion base-pgs)s far exceeding the context

limits of Transformer-based models. Furthermore, long contexts also bene t models that exploit
homologous proteins (Truong Jr and Bepler, 2023; Sgarbossa et al., 2024) and molecular context
for small molecules (Papadatos et al., 2010; Schimunek et al., 2023). The emergence of state-space
models ESMs), like S4 (Gu et al., 2022), Hyena (Poli et al., 2023), and Mamba (Gu and Dao, 2024),
enables handling longer contexts in biological domains (Nguyen et al., 2023; Schiff et al., 2024;
Sgarbossa et al., 2024). However, the recently proposed XLSTM architecture (Beck et al., 2024), a
recurrent neural network, has outperforng&siM architectures in natural language processing. For
further related work, see Appendix Section A.

The recently proposed XLSTM is a powerful architecture for sequence modeling and a promis-

ing candidate for biological and chemical sequence§.he xLSTM architecture (Beck et al., 2024)
introduces enhanced memory structures and exponential gates that boost its performance, particularly
in natural language modeling. Despite these enhancements over traditional LSTM, XLSTM retains
the ef ciency of a recurrent neural network and can handle varying sequence lengths effectively (Beck
etal., 2024), while maintaining expressivity (Merrill et al., 2024) and scalability (Katharopoulos et al.,
2020; Choromanski et al., 2021). These features make xLSTM ideal for modeling: i) DNA sequences,
which are inherently long and for which long-range interactions between distant parts of the sequence
have been observed, ii) protein sequences, where modeling strongly bene ts from contextual infor-
mation of evolutionary-related proteins (Rives et al., 2021), and iii) small molecules represented as
chemical sequences, such as Simpli ed Molecular Input Line Entry Syss&mLES) (Weininger,

1988), for which in-context learnind@L) abilities are an option to generate new molecules with
desired properties or from a particular molecular domain (Segler et al., 2018; Schimunek et al., 2023).
However, it remains unclear how to best tailor xLSTM for biological and chemical sequences and
how XLSTM compares to other domain-speci c LLMs architectures.
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We introduce: a) DNA-XLSTM, an architectural variant tailored for DNA sequences with reverse-
complement equivariant blocks, and evaluate its performance on long-context generative modeling,
representation learning, and downstream tasks. b) Prot-xLSTM, a variant for homology-aware protein
language modeling withCL for both generative modeling and inpainting, which we benchmark

on generative modeling, conditioned protein design and protein variant tness prediction tasks. c)
Chem-xLSTM, an architectural variant f&MILES representations of small molecules for which we
demonstrate ICL capabilities. An overview of Bio-xLSTM is shown in Figure 1.

2 BACKGROUND AND NOTATION

XLSTM (Beck et al., 2024) consists of two distinct layer types: sSLSTM (Section 2.1) and mLSTM
(Section 2.2). These layers are the components within the block structures (Section 2.3) of its
multi-layer architectures. We consider a series of input veatprd RP given at a certain time

vectors from all time steps. Both sSLSTM and mLSTM are recurrent neural networks, which either
map a stat€h; 1;c; 1;n¢ 1) to a successor staf@¢;ci;n;) given an inputx; 1 (SLSTM) or
astatgh; 1;C¢ 1;n¢ 1) to asuccessor stafh; C¢;n¢) given an inputx; ; (MLSTM). Here,

h; 2 RY denotes a hidden staig, 2 RY andC, 2 R ¢ denote cell states responsible for long-term
memory andn; 2 RY denotes a normalizer state. SLSTM and mLSTM utilize several adjustable
weight matrices and bias vectors (detailed equations below) and employ input-, output-, and forget-
gates, activated by exponentiakp) or the sigmoid functions (). For cell inputs in SLSTM, the
hyperbolic tangent functiongnh, abbreviated as) is used as an activation function.

2.1 sLSTM

The forward pass of SLSTM in the vectorized version is de ned as follows:
ce = ft o1t it z cell state (1)
nge = ft ny 1+ iy normalizer state  (2)
ht = 0Ot ht, ﬁt = Ct nt 1 hidden state (3)
ze = ' (&) zt = Wzxy + Rzhy 1 + by, cellinput  (4)
it = exp Tt ; it = Wixy + Rihy 1 + b input gate  (5)
f =exp t OR T ; fi = Wexy + Rehy 1+ by forgetgate  (6)
o = (6y); 6t = WoXy + Rohy 1 + by output gate  (7)

wherei;o;f; 2 RY are the input, output and forget gates, respectivély,; Wi; W;; W, 2
RY P R,:Ri:Rf;R, 2 RY 9 andb,;b;;bs;b, 2 RY are trainable weight matrices and biases,
respectively.

2.2 MLSTM

The forward pass of the mLSTM is de ned as follows:
Ci =fitCt 1 + it Vi k’[> cell state (8)
nge = feny 1+ it ke normalizer state (9)
h: = o A Ay = Cigg=max n;{q ;1 hidden state  (10)
G = WgXxt + by query input  (11)
ki = pl—aWk Xt + by key input (12)
vi = Wy X + by value input  (13)
iy = exp & ; = w Xt + Db input gate  (14)
fi = i ORexpf ; T = w{ x¢ + by forgetgate  (15)
o = (61) ; 6: = Wo Xt + by output gate  (16)
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wherei; 2 R andf; 2 R are now scalar input and forget gatgs,k:;v; 2 R? are query, key and
value inputs with trainable weight matrickgy, Wy, W, 2 RY P w;;w; 2 RP are input and
forget gate weights and the respectivdx 2 R biases. All other quantities are identical to SLSTM.

2.3 BLOCK STRUCTURES

The sLSTM and mLSTM layers are integrated into larger residual backbones (Srivastava et al., 2015;
He et al., 2016), which incorporate layer normalization (Ba et al., 2016), pre- or post-up projection
layers (Vaswani et al., 2017; Dao, 2024), with short causal convolutions and group normalization
(Wu and He, 2020). Figure Al depicts sSLSTM and mLSTM blocks, as well as, a bidirectional
mLSTM con guration with weight-tied blocks. For more details, refer to (Beck et al., 2024, Sec.2.4).
For Bio-xLSTM we retain these basic building blocks but adjust them to the respective domains.
The entire architecture, including all layers, normalization, blocks, and other components, de nes
a mapping from an input sequence of lengtto an output sequence. This mapping is denoted
asxLSTM : RP ' 71 RP ' wherexLSTM transforms the stacked inputs up to time stepe.,

thei-th element fromX 1.; would be(X 1.¢);. Similarly to the mappinggLSTM, we also de ne
mappings for the sequence-wise input-/output behavior of layers themselves for an SLSTM layer
(SLSTM : RP t 71 RP %) or an mLSTM layer h\LSTM : RP ' 71 RP 1), If the specic
parameters used for the mapping are unclear, we will denote this by including a second argument in
the function, separated by a semicolon. See Appendix Section B.1 for details on the block structures.

2.4 MODES OFOPERATION: PARALLEL, CHUNKWISE, AND RECURRENT

The recurrent forms of SLSTM and mLSTM, introduced in Sections 2.1 and 2.2, provide ef cient,
constant-memory decoding during inference. This eliminates the need for expensive key-value
caching, which represents a major challenge for Transformer models in long-range settings. Like
Transformers, MLSTM allows for parallelization across the sequence length, signi cantly speeding
up training. Additionally, similar to linear attention variants (Katharopoulos et al., 2020; Yang

et al., 2024), mLSTM supports chunkwise parallel processing, blending recurrent and parallel modes
(Beck et al., 2025). This approach is especially advantageous for long-sequence training and prompt
encoding. For further details, refer to Appendix Section B.2.

3 BIO-XLSTM: LONG-RANGE MODELING OFBloLOGICAL AND CHEMICAL
SEQUENCES

Bio-xLSTM introduces three xLSTM-based architectural variants tailored speci cally to DNA
(Section 3.4), proteins (Section 3.5) and small molecules (Section 3.6). For these application domains,
we extend xXLSTM from causal language modeli@j ) (Section 3.1) to new modeling approaches
such as lI-in the middle FIM), in-context learninglCL) and masked language modelindL(M )
(Section 3.2).

3.1 CAUSAL LANGUAGE MODELING AND NEXT-TOKEN PREDICTION

Causal language modeling (CLM), which is the XLSTM's default paradigm, uses the
CLMIloss:L“M = Ex o Ei o 1) CE (Xts1 ; XLSTM( X 1:0)t) ; 7)

whereCE is the cross-entropy loss (with logitg) is the data distribution, anffil; T  1]] is the
discrete uniform distribution froito T 1. The objective measures how well a particular sequence
tokenx+1 can be predicted based on the previous toRéns by the modekLSTM : RP t 7!

RP t. Therefore, this type of modeling is sometimes also cafiext token predictionNTP),
uni-directional modelingr autoregressive (AR) modeliragnd the loss is also callédTP loss

X

Fill-in the middle (FIM ) is a modeling paradigm that integrates aspects of Bhfd andMLM
(Bavarian et al., 2022). In this approach, parts of the sequence are replaced by mask tokens, and for

IHerex; andy;, respectively, represent the inputs to and outputs from a particular model from an instance
of an XLSTM architecture, rather than the inputs and outputs of a speci ¢ SLSTM or mLSTM layer
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each replaced segment, both the mask token and the corresponding masked sequence are appended
to the end of the sequence. This allows the model to utilize the entire context to predict the masked
tokens while maintaining aAR training framework. Consequently, the model can perform both i)
generative modeling and ii) inpainting with CLM.

In-context learning (ICL ) is a capability of language models to learn and perform tasks by leveraging
additional information provided as the contextual input without updating their parameters (Brown
et al., 2020; Min et al., 2022). This approach allows models to learn from analogy, drawing insights
from patterns in the context to adapt their behavior. When the contextual input sequence is denoted as
Z 2 RP S and the conventional input sequence is denoted & RP T, then with anlCL model,

we obtainY 9= xLSTM([ Z ;X D(s+1)( s+ 7). Where[Z ; X ] indicates concatenation of contextual

and conventional inputs, and, the subsctit- 1) : (S + T) indicates that the last output tokens
(those corresponding to the tokens) are selected. For natural language processing tasks, the context
Z often contains the solution to a similar problem or exemplary solutions that guide the input and
inform the model. For biological and chemical sequences, the coAtexuld represent similar
genetic regions, homologous proteins, or molecules with desired properties, enabling the model to
make informed predictions or generate outputs based on these analogies.

3.2 MASKED LANGUAGE MODELING (MLM)

Bio-xLSTM extends xLSTM to masked modeling of biological sequences, for which the typical
de-masking or de-noising objective (Vincent et al., 2010; Devlin et al., 2019) is used, concretely the

MLMloss: LMM = Ex o Ey g Em py CE(X;XLSTM(X M )y); (18)

whereM 2 f0;1g° T is a random matrix with binary entries which are usually drawn from a
Bernoulli distributionpy , and is element-wise multiplication. The objective measures how
well the original sequenck¥ can be reconstructed from a noisy versin M by the model

xLSTM : RP T 71 RP T This modeling approach, often referred to as bidirectional modeling, has
proven instrumental in enabling the successful learning of protein representations at an evolutionary
scale (Rives et al., 2021), which has powered many subsequent applications, such as machine-learning
guided directed evolution for protein engineering (Yang et al., 2019). For details on how we extended
XLSTM to the MLM setting, we refer to Appendix Section B.3.

3.3 RC EKQUIVARIANCE

We introduce an XLSTM block equivariant to the reverse complenie@} 6f an input sequence,

a key property for DNA-based applications. In double-helix DNA structures, both strands are
semantically equivalent, with one strand being the RC of the other. The RC strand is oriented in the
opposite direction of théorward strand, with base pairs converted frénto T andCto G. Shrikumar

et al. (2017) show that data-driven approaches to leafRibgequence equivalence can fail. To
address this, Schiff et al. (2024) enforde@-equivariance by design using two inductive biases:
post-hoc conjoining®H) (Zhou et al., 2022) and parameter shariR§( In PH architectures, the
backbone is trained to handle both DNA sequences andR@sby applyingRC augmentations
during pre-training. For downstream task$] architectures are applied to both the original sequence
and itsRC, and their outputs are summed to reach overall RC invariance. In com&etchitectures
integrateRC-equivariant xLSTM blocks with equivariant word embeddings and language model
heads similar to Schiff et al. (2024). For additional details, see Appendix Section C.4.

3.4 DNA-XLSTM

For the DNA domain, we propose the DNA-XLSTM architecture to enhance sequence modeling
capabilities, particularly for varying context lengths. We introduce three model con gurations
based on DNA-XLSTM: two sLSTM-based con gurations trained with a context window of 1,024
tokens (DNA-XLSTM-500k and DNA-XLSTM-2M), and an mLSTM-based con guration trained
with a context window of 32,768 tokens (DNA-XLSTM-4M). The short-context con guration, DNA-
XLSTM-500k, has an embedding dimension of 128, 5 sLSTM blocks, an up-projection ratio of
1.25 to match the baseline model parameter count, and a total parameter count of 500k, while
DNA-XLSTM-2M has an embedding dimension of 256, 6 sLSTM blocks, a 1.0 up-projection
ratio, and 2M parameters. The long-context con guration, DNA-XLSTM-4M, has an embedding
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dimension of 256, 9 MLSTM blocks, a 2.0 up-projection ratio, and is augmented with Rotary Position
Encodings RoPB (Su et al., 2024a) to handle long-range dependencies effectively, with a total of
4M parameters. All three con gurations are trained with b6ttM andMLM . Furthermore, we
introduceRC-equivariant versions, XLSTM-PH and xLSTM-PS, which use the original sequence and
its reverse complemenR(C). We trained models with these con gurations on the human genome
and benchmarked them against state-of-the-art DNA models, such as Transformers, DNA-Mamba
(Caduceus) (Schiff et al., 2024), and HyenaDNA (Nguyen et al., 2023), showing competitive or better
performance on pre-training and downstream classi cation tasks (Section 4.1).

3.5 PROT-XLSTM

For the protein domain, we propose the architectural variant Prot-xLSTM to address the complexities
of protein sequence data, particularly in capturing long-range dependencies to enable homology-
conditioned modeling. We introduce two con gurations: Prot-xLSTM-26M and Prot-xLSTM-
102M, with 26M and 102M parameters, respectively. Both con gurations consist of 16 mLSTM
blocks, with embedding dimensions of 512 for Prot-xLSTM-26M and 1,024 for Prot-xLSTM-102M
and maintaining a consistent 2.0 up-projection ratio, and are augmenteRoRtEs, across both

con gurations. The Prot-xXLSTM models are trained usi@gM with a FIM strategy on non-
aligned homologous sequences with increasing context sizes ranging from 2,048 to 262,144 tokens.
This enables them to perforitL at inference time in two modes: i) generative mode, which is
inherently incompatible with MLM, and ii) inpainting, which is not supported by "vanilla" CLM. Both
approaches can be used for protein design, with the latter also suited for residue-based predictions,
such as mutant tness estimation. Prot-xLSTM shows better performance than similarly con gured
Mamba- and Transformer-based models and shows promising results for homology-conditioned
seguence generation (Section 4.2).

3.6 CHEM-XLSTM

For the chemical sequence domain, we introduce Chem-xLSTM to enhance generative modeling
of SMILES strings (\Weininger, 1988), enabling domain-conditioned generation of small molecules
without ne-tuning. We introduce two models: an unconditional generative model trained with a
context length of 100 tokens (Chem-xLSTM-15M) and a domain-conditioned model trained with a
4,096-token context for in-context learning tasks (Chem-xLSTM-15M-icl). The latter can generate
molecules within a speci ¢ domain without ne-tuning only based on examples provided as context, a
highly sought-after capability in drug discovery. Both models are con gured to have 15M parameters,
consisting of 9 mLSTM blocks with an embedding dimension of 512 and a 1.3 up-projection ratio.
The models have been benchmarked against other generative mod&4l @S and at theilCL
capabilities (Section 4.3).

4 EXPERIMENTS AND RESULTS

4.1 DNA SEQUENCES

For the DNA-XLSTM experiments, we followed the experimental protocol outlined in Schiff et al.
(2024) and Nguyen et al. (2023) for both pre-training and downstream adaptation.

Pre-training. The training data for DNA-XLSTM models was sourced from the human reference
genome (Church et al., 2011), which also served as the basis for our Mamba-based baseline models
— HyenaDNA (Nguyen et al., 2023) and Caduceus (Schiff et al., 2024) — as well as for our
Transformer++ baselines built on the Llama architecture (Touvron et al., 2023). Initially, we pretrained
two variants using boti€LM and MLM obijectives for each: the sLSTM-based DNA-XLSTM-

2M with a context length of 1,024 (Figure 2) and the mLSTM-based DNA-XLSTM-4M with a
context length of 32k (Figure A3). Both models were trained with PH-equivariance (Bing
augmentation without PS-equivariance). Under the CLM objective, DNA-XLSTM-2M achieved
superior performance compared to Transformer++, Mamba, and HyenaDNA. This performance
advantage was even more pronounced on the MLM task, where DNA-xXLSTM-2M outperformed
both the Transformer- and Mamba-based models.
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Figure 2: Pre-training of 2M-parameter DNA models on the human reference genome (GRCh38).
Models are trained at single-nucleotide resolution with a context length of 1024 ha$exausal
language modeling.Learning curves displaM TP loss(#) on a test set, plotted against the number

of tokens processe®ight: masked language modelingLearning curves showingILM loss(#)

on a test set across the number of tokens seen for various models. In both tasks, the xXLSTM-based
models consistently achieve the lowest loss values across all update steps.

Similar to Caduceus, we also experimented with PS-equivariance and trained DNA-XLSTM-2M
using parameter sharing for RC-equivariance under an MLM objective (Figure A4). Additionally, to
match the model size used by Caduceus in one of the downstream tasks, we trained both PH- and
PS-equivariant versions of DNA-XLSTM-500k with an MLM objective and a context length of 1k.
These resulting PH and PS models were subsequently used for downstream ne-tuning. In Appendix
Section C, we present additional pre-training results, including comparisons of large-context and
PS-equivariant models. Our ndings indicate that xXLSTM-DNA matches or outperforms strong
baselines across all pre-training settings.

Downstream ne-tuning. To evaluate the learned representations, we ne-tuned our MLM-
pretrained, short-context DNA-XLSTM models (both PH and PS variants) on two genomic classi-
cation benchmarks. Speci cally, the DNA-XLSTM-500K model was ne-tuned on the Genomic
Benchmark (GreSova et al., 2023), while the DNA-XLSTM-2M model was ne-tuned on the Nu-
cleotide Transformers Tasks (Dalla-Torre et al., 2024), which together span 18 datasets from ve
studies. In Table 1, we compare the performance of DNA-XLSTM-2M-PH and DNA-XLSTM-2M-PS
on the Nucleotide Transformers Tasks against HyenaDNA as well as Mamba-PS and Mamba-PH.
DNA-XLSTM achieved the best performance, outperforming baseline models in the sub-2M parame-
ter range on 12 of 18 tasks and performing comparably to the much larger Nucleotide Transformer
(500M parameters) by winning 8 tasks (Table A1). Additional comparisons with larger Transformer
models and the performance on the Genomic Benchmark are provided in Appendix Section C.

4.2 PROTEIN SEQUENCES

We followed the experimental protocols from Sgarbossa et al. (2024) for protein sequences.

Homology-aware training. Training data was sourced from the Itered OpenProteinSet (Ahdritz

et al., 2023), consisting of 270k UniClust30 clusters (508M sequences, 110B residues). Using
the ProtMamba pipeline, we constructed homology-aware, alignment-free inputs by concatenating
unaligned homologous sequences and mask patches for training wihMhstrategy. We trained

two XLSTM-based models: Prot-xLSTM-26M and Prot-xLSTM-102M. For comparison, we also
trained a smaller ProtMamba (ProtMamba-28M) and Transformer-based (Prot-Transformer++-26M)
(Touvron et al., 2023) model and used BretMamba Long FoundatiofProtMamba-107M) provided

by Sgarbossa et al. (2024). The initial training followed a context length scheduling strategy, with
models gradually increasing context fr@ft to 217 tokens. Finally, Prot-xLSTM-102M was further
trained withT = 2182 We evaluated the models using negative log-likelihood and perplexity,
calculated for different parts of the concatenakdlt sequences. As shown in Figure 3 and Table 2,
Prot-xLSTM outperformed the other architectures. Its advantage becomes even more pronounced
with longer contexts, which Prot-Transformer++ cannot handle, and where Prot-xLSTM signi cantly

2The protein downstream tasks were evaluated using the model trained wiiho 2*” tokens.
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Table 1: Downstream adaption of DNA models. The performance of 2M parameter models ne-tuned
on Nucleotide Transformer classi cation tasks on the test set is shB®or PH indicate models
trained to beRC equivariant. Performance is averaged over 10 random seeds, and error bars indicate
the difference between maximum and minimum values. The best values are highlighted in green.
Bold numbers indicate statistically signi cant improvement over previous methods. DNA-XLSTM
outperforms both Mamba and Hyena on 12 out of 18 tasks. Scores for Mamba- and Hyena-based
models were obtained from Schiff et al. (2024).

Task Metric HyenaDNA  Mamba-PS Mamba-PH xLSTM-PS  xLSTM-PH
Histone Markers

H3 McC" 0779 ®%7  0:799 *%°  0:815 **®  0:796 %%  0.824
H3K14AC MCC"  0:612 %% 0:541 °??  0:631 *%° 0:570 %9  0:508 %
H3K36ME3 MCC™" 0:613 0:041 0:609 0:109 0:601 0:129 0:588 0:019 0.625 0:010
H3KAME1L MCC"  0:512 %% 0:488 91 (0:523 999 0:490 @2 0:526 %%
H3K4ME2 MccC*" 0:455 %99  (0:388 %101  (:487 %17© (.489 %04 (504 012
H3K4ME3 MCC"  0:549 %%°  0:440 %2 0:544 %  0:520 %%  (0:537 %9
H3K79ME3 MCC"  0:672 %8 0676 ©9% 0:697 %7 0:662 ¥  0:697 “°
H3K9AC MCC"  0:581 %% 0:604 0% 0:622 99 0:622 ¥ 0.627 9%
H4 MCC"  0:763 %% 0:789 “9° (0811 “%? ;793 ¥ 0:813 9%
H4AC MCC"  0:564 %9 0:525 %% 0621 %% 0558 YO 0:583 U0
Regulatory Annotation

Enhancer MCC" 0517 7 0:491 %% 0:546 % 0:375 990  (0:545 09
Enhancer Types MCC  0:386 %185  (0:416 0%  (:439 %054  (:444 0% (466 00U
Promoter: All F1" 0:960 %%  0:967 % 0:970 "% (962 %> (:967 %!
NonTATA F1" 0:959 %% 0:968 %9  0:968 “°° 0:963 *®*  0.970 ¥
TATA F1" 0:944 %% 0:957 %95 0:953 % ;948 %°®  (:952 %%
Splice Site Annotation

All Accuracy"  0:956 %% 0:927 %02 (0:940 %927 (965 %0% (974 0:004
Acceptor F1' 0:958 %010 (:936 %077 (:937 %93  0.970 %9  (:953 0:008
Donor F1" 0:949 %% 0:874 %%  0:948 %% 0.962 ©%*  0:951 %%

2This method is also called Caduceus (Schiff et al., 2024).

Figure 3: Generative pre-training of protein language models. The learning curves show the validation
loss of homology-aware protein language models during trainlmeft: Small models trained

for 20B tokens with a context size @' and ne-tuned for 10B with a context d¥*’ tokens.
Transformer++ can only be run for a small context sRgght: Prot-xLSTM-102M model trained

with increasing context sizes frogt! to 2'8. Vertical gray dashed lines mark the points where
context size was increased. The arrow at 60B tokens indicates the model used for downstream tasks.
The orange dashed line corresponds to the validation loss of ProtMamba-107M trained up to a context
size of2!7 for a total of 195B tokens. Prot-xLSTM consistently outperforms other models and sets a
new state-of-the-art at homology-aware generation.

outperforms ProtMamba. Furthermore, Prot-xLSTM-102M outperforms ProtMamba-107M, despite
being trained on only a quarter of the total training tokens used for ProtMamba-107M. Further details
are provided in the Appendix Section D.1.
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Table 2: Performance comparison of protein language models at homology-conditioned generation.
Test seperplexity (#) of different models with a context size 8t is shown across different token
subsets. The average and 95% con dence interval values are computed across the test set clusters.
Prot-xLSTM outperforms ProtMamba, especially when using a long context. For each token subset,
the top-performing model that signi cantly outperforms the others, as indicated by a Wilcoxon test

(p  0:05, Figure A6), is marked bold.

Prot-xLSTM-26M ProtMamba-ZSM\ Prot-xLSTM-102M ProtMamba-107M

All tokens 9:41 022 11:23 %18 7:35 %19 (7:17 020 8:27 018
First seq tokens  15:40 %26 15:28 0:26 13:36 935 (13:42 0:%) 13:04 0%
Last seq tokens 9:19 030 11:08 %27 7:32 029 (7:14 0:29) &ey
FIM tokens 7:23 019 8:66 018 5:87 %16 (5:85 0:16) 7:00 016

3Trained for 60B tokens witl up to2Y’. Trained for 115B tokens witfi up to2'® in parentheses.
® Trained for 195B tokens witfi up to2’ .

Homology-conditioned protein generation.We generated 2,500 protein sequences for each of the

19 clusters using different parameters and evaluated them across multiple metrics. The sequence
similarity to natural homologaifin d,y and HMMER scores) and structural metrics (pLDDT and
pTM) correlate with sequence perplexity, with an average absolute Spearman correlation of 0.57
across clusters for the large Prot-xXLSTM model (Table A9). The distribution of these scores, such as
HMMER and pLDDT, of real proteins also matches well with generated proteins. When evaluating
the alignment with real-world protein score distributions, Prot-xLSTM outperforms ProtMamba
across all ve metrics for the small models. For the large models, Prot-xXLSTM surpasses ProtMamba
on three metrics (Table A11). Additional details and results can be found in Appendix Section D.2.

Protein variant tness prediction. We assessed Prot-xXLSTM's predictive power for mutational
effects by leveraging its inpainting capability from the FIM training objective and using homologous
sequences as context on the ProteinGym DMS zero-shot substitutions benchmark (Notin et al.,
2023). Table A12 presents the performance comparison of Prot-xLSTM, other well-known protein
models, and the current top performers on the ProteinGym leaderboard. In summary, Prot-xLSTM
outperforms larger unconditional protein language models like ESM-2 (Lin et al., 2023) and ProGen2
(Nijkamp et al., 2023), and matches or surpasses ProtMamba's performance. However, it falls short
compared to models that directly use the MSA, such as TranceptEVE (Notin et al., 2022b), or use
structural information, like ProSST (Li et al., 2024). For further details, see Appendix Section D.3.

4.3 CHEMICAL SEQUENCES

Unconditional molecule generatioraims to produce valid small organic molecules without imposing
Speci ¢ constraints, such as being from a particular molecular domain. Following the setup of Ozcelik
et al. (2024), we trained models to gener@MILES strings using &LM approach on a dataset
derived from ChEMBL with a context length of 100 tokens. We compared our Chem-xLSTM
architecture with several architectures, including LSTM, GPT, S4, and Mamba, where all models
contain approximately 15 million parameters. The evaluation focused on two primary metrics:
perplexity and Fréchet ChemNet DistanE€D) (Preuer et al., 2018). Chem-xLSTM achieved the
lowestFCD of 0.13 and a competitive perplexity score of 1.68, indicating its strong ability to generate
realistic chemical structures (see Table 3). All models produced valid, unique, and novel molecules,
showcasing their effectiveness in this task. For further details and results, see Appendix Section E.1.

For conditional molecule generationthe objective is to generate molecules belonging to a speci ¢
molecular domain or possessing desired properties. Here, we focused on generating molecules from
a particular domain using the in-context learning abilitietlof s. To achieve this, we assembled a
dataset, referred to as thelecular domainslataset, which comprises a diverse range of molecular
domains: natural products, click-chemistry, proteolysis-targeting chimera (PROTACSs), DNA-encoded
chemical libraries, approved and failed drugs, and bioactive compounds from various bioassays.
Molecules from the same domain are concatenated as a long sequence and augmented through
permutation during training. We split the dataset into training, validation, and test domains, following

an 8:1:1 ratio (Figure 4, left). The validation and test sets contained molecules from unseen domains,
enabling us to evaluate the models' conditional generation capabilities through in-context learning.
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Table 3: Unconditional generation of molecules with 15M parameter models. 103MOES
sequences have been generated and evaluated. Error bars represent standard deviations across
bootstrap resampling.Green cells highlight the best values per row. Chem-xLSTM yields the best
FCD andSMILES-GPT the best perplexity. Both values are statistically signi cant, as indicated in

bold, using a Wilcoxon test.

SMILES-LSTM® SMILES-GPT? SMILES-S4 Chem-Mamb& Chem-xLSTM

FCD_ 046 < 0:01 015 < 0:01 028 < 0:01 021 < 0:01 013 < 0:01
Perplexity 1:88 %38 1.65 %6 1:73 %4 1:74 95 1:68 10

3Segler et al. (2018) ° Adilov (2021) ¢ Ozcelik et al. (2024) 9 Adapted to SMILES in this work.

We trained Chem-xLSTM, Mamba, Transformer++, and S4-based models wititfleapproach

on themolecular domainsvith an increased context length of 4,096 tokens. The context length for

S4 models was restricted to 2,048 due to memory constraints. We evaluated the models based on
NTP loss across unseen domains. The trained model Chem-xLSTM-15M-icl shows promising results
in this conditional setting, outperforming the other benchmarked model classes (Figure 4, right). This
demonstrates Chem-xLSTM's capability to generate molecules from an unseen chemical domain
when provided with only a few exemplary molecules without ne-tuning. Further details and results
are provided in Appendix Section E.2.

Figure 4: Conditional generation of molecules W@ and 15M parameter model&eft: Visu-
alization of different molecular domains contained in thelecular domainglataset. A t-SNE
down-projection of molecules from different domains is shown. Clusters on the exterior represent
highly speci ¢ molecular domains. The validation and test sets contain molecules from highly
speci ¢, unseen molecular domairRight: Generative training of chemistry language models on the
molecular domainslataset. Learning curves showing me&zirM loss(#) on a validation set across

the training epochs. Shaded areas represent the standard-deviation over runs. The Chem-xLSTM
achieved the lowest loss in conditional molecule generation.

5 LIMITATIONS AND CONCLUSIONS

Limitations. Manual hyperparameter selection may not yield optimal con gurations of the models,
and the reliance on character-level tokenization for DNA could restrict performance with larger context
sizes. Additionally, the generalizability of our models across different organisms and chemical
domains is uncertain due to biases in the training datasets. Metrics like perplexity, commonly
used as performance proxies, may not fully capture the true capacity of the models (Appendix G).
Conclusion. Despite these limitations, Bio-xLSTM demonstrated effectiveness in DNA sequence
modeling, performing best in masked and causal language tasks across context sizes. Our ndings
underpin that Bio-xLSTM is a prime candidate for foundation models in molecular biology and the
models presented in this work can already be used effectively to generate DNA sequences, protein
inpainting or suggesting mutations in proteins, or for conditional molecular generation without
ne-tuning.
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ETHICS STATEMENT

The development of our large language models for biological sequences, including DNA, proteins,
and small molecules, has the potential to signi cantly advance biomedical research and therapeutics.
In creating these models, we have taken care to train exclusively on publicly available data, such as
the human reference genome, OpenProteinSet, and publicly available small molecule databases. It
is important to emphasize that the models presented in this work are general base models without
any speci c safety tuning. These models still require human expert knowledge to produce harmful
outcomes and do not possess complex instruction-following or experiment planning abilities as
opposed to general-purpose language models. This signi cantly limits their potential for misuse by
non-experts in the eld. For future larger-scale model development, we recognize that additional
safety measures may be necessary. One option is the exclusion of certain training samples, such
as those related to human viruses, as well as the implementation of safety classi ers or guardrails
that can identify and ag potentially harmful outputs. At the same time, we believe that openly
sharing these base models has signi cant advantages for the scienti c community and can aid in
preparedness for addressing potential misuse scenarios. As common with machine learning methods,
potential danger lies in the possibility that users rely too much on our new approach and use it without
re ecting on the outcomes. However, the full pipeline, in which our method would be used, includes
wet lab tests after its application, to verify and investigate the results, which decreases the danger of
misuse or overly relying on the predictions. Users are encouraged to approach the model's predictions
critically and consider them as one component of a broader decision-making process that incorporates
expert knowledge and empirical validation.

REPRODUCIBILITY STATEMENT

To ensure reproducibility and facilitate future research, we provide three standalone code repositories
for DNA-XLSTM, Prot-xLSTM, and Chem-xLSTM, each containing the respective implementations,
training scripts, evaluation procedures, and pre-processed datasets.

ACKNOWLEDGEMENTS

We acknowledge EuroHPC Joint Undertaking for awarding us access to Karolina at IT4Innovations,
Czech Republic; MeluXina at LuxProvide, Luxembourg; and Leonardo at CINECA, Italy.

The ELLIS Unit Linz, the LIT Al Lab, and the Institute for Machine Learning are supported
by the Federal State Upper Austria. This research was partly funded by the Austrian Science
Fund (FWF) [10.55776/COE12]. We thank the projects INCONTROL-RL (FFG-881064), PRI-
MAL (FFG-873979), S3AIl (FFG-872172), DL for GranularFlow (FFG-871302), EPILEPSIA (FFG-
892171), FWF AIRI FG 9-N (10.55776/FG9), Al4GreenHeatingGrids (FFG- 899943), INTEGRATE
(FFG-892418), ELISE (H2020-ICT-2019-3 ID: 951847), Stars4Waters (HORIZON-CL6-2021-
CLIMATE-01-01). We thank NXAI GmbH, Audi.JKU Deep Learning Center, TGW LOGISTICS
GROUP GMBH, Silicon Austria Labs (SAL), FILL Gesellschaft mbH, Anyline GmbH, Google, ZF
Friedrichshafen AG, Robert Bosch GmbH, UCB Biopharma SRL, Merck Healthcare KGaA, Verbund
AG, GLS (Univ. Waterloo), Software Competence Center Hagenberg GmbH, Borealis AG, TUV
Austria, Frauscher Sensonic, TRUMPF and the NVIDIA Corporation.

REFERENCES

1000 Genomes Project Consortium (2010). A map of human genome variation from population scale
sequencingNature 467(7319):1061.

Acosta, J. N., Falcone, G. J., Rajpurkar, P., and Topol, E. J. (2022). Multimodal biomedical Al.
Nature Medicing28(9):1773-1784.

Adilov, S. (2021). Generative pre-training from molecul€hemRxiv preprint chemrxiv-2021-5fwjd
Ahdritz, G., Bouatta, N., Kadyan, S., Jarosch, L., Berenberg, D., Fisk, I., Watkins, A., Ra, S.,
Bonneau, R., and AlQuraishi, M. (2023). Openproteinset: Training data for structural biology

11



Published as a conference paper at ICLR 2025

at scale. IPAdvances in Neural Information Processing Systems (Neuri@8)me 36, pages
4597-4609. Curran Associates, Inc.

Ahmad, W., Simon, E., Chithrananda, S., Grand, G., and Ramsundar, B. (2022). ChemBERTa-2:
Towards chemical foundation modeblrXiv preprint arXiv:2209.01712

Alkin, B., Beck, M., Péppel, K., Hochreiter, S., and Brandstetter, J. (2024). Vision-LSTM: XLSTM
as generic vision backbonarXiv preprint arXiv:2406.04303

Alley, E. C., Khimulya, G., Biswas, S., AlQuraishi, M., and Church, G. M. (2019). Unied
rational protein engineering with sequence-based deep representation lehlating. methods
16(12):1315-1322.

An nsen, C. B. (1973). Principles that govern the folding of protein chaBsence181(4096):223—
230.

Arnold, F. H. (2018). Directed evolution: bringing new chemistry to lifsngewandte Chemie
57(16):4143.

Ashley, E. A. (2016). Towards precision medicim¢ature Reviews Genetick7(9):507-522.

Ba, J. L., Kiros, J. R., and Hinton, G. E. (2016). Layer normalizatioarXiv preprint
arXiv:1607.06450

Bagal, V., Aggarwal, R., Vinod, P., and Priyakumar, U. D. (2021). MolGPT: molecular generation
using a transformer-decoder mod&burnal of Chemical Information and Modeling2(9):2064—
2076.

Baum, L. E., Petrie, T., Soules, G., and Weiss, N. (1970). A maximization technique occurring in
the statistical analysis of probabilistic functions of Markov chaifise Annals of Mathematical
Statistics41(1):164-171.

Bavarian, M., Jun, H., Tezak, N., Schulman, J., McLeavey, C., Tworek, J., and Chen, M. (2022).
Ef cient training of language models to Il in the middlearXiv preprint arXiv:2207.14255

Beck, M., Poppel, K., Spanring, M., Auer, A., Prudnikova, O., Kopp, M., Klambauer, G., Brandstetter,
J., and Hochreiter, S. (2024). xLSTM: Extended long short-term memory. In Globerson, A.,
Mackey, L., Belgrave, D., Fan, A., Paquet, U., Tomczak, J., and Zhang, C., edittvances in
Neural Information Processing Systemslume 37, pages 107547-107603. Curran Associates,
Inc.

Beck, M., Poppel, K., Lippe, P., and Hochreiter, S. (2025). Tiled ash linear attention: More ef cient
linear RNN and XLSTM kernels. Under review.

Benegas, G., Batra, S. S., and Song, Y. S. (2023). DNA language models are powerful pre-
dictors of genome-wide variant effectd?roceedings of the National Academy of Sciences
120(44):e2311219120.

Bepler, T. and Berger, B. (2019). Learning protein sequence embeddings using information from
structure. Innternational Conference on Learning Representations (ICkBlume 7.

Bouwman, B. A. and de Laat, W. (2015). Getting the genome in shape: the formation of loops,
domains and compartmenSenome Biology16(1):154.

Bran, A. M. and Schwaller, P. (2024). Transformers and large language models for chemistry and
drug discovery. IDrug Development Supported by Informatipages 143-163. Springer.

Brandes, N., Goldman, G., Wang, C. H., Ye, C. J., and Ntranos, V. (2023). Genome-wide prediction
of disease variant effects with a deep protein language mbtiglre Genetics55(9):1512-1522.

Brandes, N., Ofer, D., Peleg, Y., Rappoport, N., and Linial, M. (2022). ProteinBERT: a universal
deep-learning model of protein sequence and funcBioinformatics 38(8):2102-2110.

12



Published as a conference paper at ICLR 2025

Brown, T., Mann, B., Ryder, N., Subbiah, M., Kaplan, J. D., Dhariwal, P., Neelakantan, A., Shyam,
P., Sastry, G., Askell, A., Agarwal, S., Herbert-Voss, A., Krueger, G., Henighan, T., Child, R.,
Ramesh, A., Ziegler, D., Wu, J., Winter, C., Hesse, C., Chen, M., Sigler, E., Litwin, M., Gray, S.,
Chess, B., Clark, J., Berner, C., McCandlish, S., Radford, A., Sutskever, ., and Amodei, D. (2020).
Language models are few-shot learnersAttvances in Neural Information Processing Systems
(NeurlPS) volume 33, pages 1877-1901. Curran Associates, Inc.

Bubeck, S., Chandrasekaran, V., Eldan, R., Gehrke, J., Horvitz, E., Kamar, E., Lee, P., Lee, Y. T., Li,
Y., Lundberg, S., et al. (2023). Sparks of arti cial general intelligence: Early experiments with
GPT-4.arXiv preprint arXiv:2303.12712

Chandrasekhar, V., Rajan, K., Kanakam, S., Sharma, N., Wei3enborn, V., Schaub, J., and Steinbeck,
C. (2024). COCONUT 2.0: a comprehensive overhaul and curation of the collection of open
natural products databadducleic Acids Resear¢ch3(D1):D634-D643.

Chithrananda, S., Grand, G., and Ramsundar, B. (2020). ChemBERTa: large-scale self-supervised
pretraining for molecular property predictioarXiv preprint arXiv:2010.09885

Choromanski, K. M., Likhosherstov, V., Dohan, D., Song, X., Gane, A., Sarlos, T., Hawkins, P.,
Davis, J. Q., Mohiuddin, A., Kaiser, L., Belanger, D. B., Colwell, L. J., and Weller, A. (2021).
Rethinking attention with performers. International Conference on Learning Representations
(ICLR), volume 9.

Church, D. M., Schneider, V. A., Graves, T., Auger, K., Cunningham, F., Bouk, N., Chen, H.-C.,
Agarwala, R., McLaren, W. M., Ritchie, G. R., et al. (2011). Modernizing reference genome
assembliesPLo0S biology9(7):e1001091.

Dalla-Torre, H., Gonzalez, L., Mendoza-Revilla, J., Lopez Carranza, N., Grzywaczewski, A. H., Oteri,
F., Dallago, C., Trop, E., de Almeida, B. P., Sirelkhatim, H., et al. (2024). Nucleotide transformer:
building and evaluating robust foundation models for human genorNiggire Methodspages
1-11.

Dao, T. (2024). Flashattention-2: Faster attention with better parallelism and work partitioning. In
International Conference on Learning Representations (ICkRume 12.

Devlin, J., Chang, M.-W., Lee, K., and Toutanova, K. (2019). BERT: Pre-training of deep bidirec-
tional transformers for language understandingPtaoceedings of the 2019 Conference of the
North American Chapter of the Association for Computational Linguistics: Human Language
Technologies, Volume 1 (Long and Short Papgrsges 4171-4186, Minneapolis, Minnesota.
Association for Computational Linguistics.

Eddy, S. R. (2020). HMMER: biosequence analysis using pro le hidden markov mdagts.
/Ihmmer.org

Elnaggar, A., Heinzinger, M., Dallago, C., Rehawi, G., Wang, Y., Jones, L., Gibbs, T., Feher, T.,
Angerer, C., Steinegger, M., et al. (2021). ProtTrans: Toward understanding the language of life
through self-supervised learnindeEE Transactions on Pattern Analysis and Machine Intelligence
44(10):7112-7127.

Ertl, P. and Schuffenhauer, A. (2009). Estimation of synthetic accessibility score of drug-like
molecules based on molecular complexity and fragment contributdonsgnal of cheminformatics
1:1-11.

Evans, R., O'Neill, M., Pritzel, A., Antropova, N., Senior, A., Green, T., idek, A., Bates, R.,
Blackwell, S., Yim, J., Ronneberger, O., Bodenstein, S., Zielinski, M., Bridgland, A., Potapenko,
A., Cowie, A., Tunyasuvunakool, K., Jain, R., Clancy, E., Kohli, P., Jumper, J., and Hassabis, D.
(2022). Protein complex prediction with alphafold-multimieioRxiv

Ferruz, N., Schmidt, S., and Hocker, B. (2022). ProtGPT2 is a deep unsupervised language model for
protein designNature Communicationd3:4348.

Flam-Shepherd, D., Zhu, K., and Aspuru-Guzik, A. (2022). Language models can learn complex
molecular distributionsNature Communicationd.3(1):3293.

13






	Introduction
	Background and Notation
	sLSTM
	mLSTM
	Block Structures
	Modes of Operation: Parallel, Chunkwise, and Recurrent

	Bio-xLSTM: Long-Range Modeling of Biological and Chemical Sequences
	Causal Language Modeling and Next-Token Prediction
	Masked Language Modeling (MLM)
	RC Equivariance
	DNA-xLSTM
	Prot-xLSTM
	Chem-xLSTM

	Experiments and Results
	DNA Sequences
	Protein Sequences
	Chemical Sequences

	Limitations and Conclusions
	Related Work
	xLSTM Architecture Details
	xLSTM and Bio-xLSTM Blocks
	Modes of Operation: Parallel, Chunkwise or Recurrent
	Efficient Bidirectional Modeling for Weight-Tied Layers of Bio-xLSTM

	DNA-xLSTM: Details and Additional Results
	Pre-Training
	Downstream Tasks
	Architecture and Hyperparameters
	Reverse-Complement Invariance
	Implementation Details

	Prot-xLSTM: Details and Additional Results
	Homology-Aware Training
	ICL: Homology-Conditioned Protein Generation
	Protein Variant Fitness Prediction

	Chem-xLSTM: Details and Additional Results
	Unconditional Molecule Generation
	Conditional Molecule Generation with In-Context Learning
	Architecture and Hyperparameter Selection
	Implementation Details
	Additional Results

	Compute Demand and Resources
	Extended Discussion

