NOAI JXU

JOHANNES KEPLER
UNIVERSITAT LINZ

XLSTM Scaling Laws: Competitive
Performance with Linear Time-Complexity

x ICLR 2026

Maximilian Beck, Kajetan Schweighofer,
Sebastian Béck, Sebastian Lehner, Sepp Hochreiter

March 2026



Motivation: Neural Scaling Laws

Region ¢
Region
Best Guess Error

* Empirical relation between loss and compute, model or dataset size

* These relations follow power law trends,
and often hold over many orders of magnitude 1,21

Generalization Error (Log-scale)

Irreducible Error

Training Data Set Size (Log-scale)

Significant practical implications: .
2 oSS
* Predict the outcome of & derisk very large training runs
* Compare model classes

* Allow for compute-optimal allocation of model parameters N & training tokens D [2]

N

Previous neural scaling law studies [2,3,..1 have focused exclusively

on the Transformer architecture r4;
: This paper:

Large scale scaling law comparison of xLSTM [51 with Transformers

Compute
(Params / Tokens)
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Outline of our scaling law study
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Fix model parameters,
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Inference speed

We compare prefill and generation speed
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Outline of our scaling law study
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Fix model parameters,
vary training tokens
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[Token/param] Parametric Fit Approach: Loss vs. compute

Huberd | logA logB logE « 3 ~
e We use token/param runs including non-compute optimal configurations Trnsformer 10-2 | 1199 1335 001 033 041 029
=101 | 1445 1633 0.09 0.64 0.63 025
* Fit the loss as a power-law in model parameters and tokens 107° 11613 1710 007 071 066 024
xLSTM 107 16.22  17.31 0.11 073 0.67 024
A B >10"!' | 1546 1653 0.18 071 065 0.26

— - -

L(N, D) = F + (AN + BD )7 Fitted parameters for different huber deltas
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[Token/param] Scaling in the overtraining regime

* For Transformers, optimal token/parameter ratio is ~22 1

* Large models are slow during inference
o Qvertraining: training smaller (faster) models longer
o Transformers scale reliably in overtraining,[2! also xLSTM?

M Transformer xLSTM
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Power law exponents

* Fit power laws of the form ]i(C) = A-C™" to runs with different token/param ratios M
4 I
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L m) We can expect consistent improvements for xLSTM for very long training )
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[IsoFLOP] Compute-optimal model sizes
& context length dependence

* We use the isoFLOP runs with different context length
* Fit a 2nd order polynomial for each compute budget & context length to determine the minimum
* Fit power-laws for parameters / tokens N*(H) = A’ - H® and D*(H)=B'-H"
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J z U | N)’/\I Sanity check: Our setup reproduces the power law exponent a for Transformers in [1]
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Outline of our scaling law study
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Inference speed

We compare:
Prefill speed in time to first token (TTFT)
Generation speed in step time or tokens/s
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Inference speed across model sizes

* We measure inference speeds for different model sizes with batch size 1
o CUDA Graph optimized Huggingface implementations

Prefill (TTFT) Generation (Step time)
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Come and visit us at our poster for more details!

* Exact FLOP, parameter and memory operation counts

* Additional scaling results

e |Inference runtime model fits
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