
NeurIPS 2025 @ San Diego

xLSTM-Mixer: Multivariate Time 
Series Forecasting by Mixing 
via Scalar Memories
Maurice Kraus*, Felix Divo*, Devendra Singh Dhami, Kristian Kersting

AIML Lab



Why Another Time Series Model?



Recurrent models to the rescue?

• Long-horizon, multivariate 
forecasting is still hard.

• Transformers are accurate but 
memory-heavy.

• Also MLPs don’t scale well.

• We need SOTA models that run 
under tight compute.

Why Forecasting is hard



Why xLSTMs here?

• xLSTMs [1] use scalar 
memories and gating → strong 
sequence modeling without 
quadratic attention. 

• Very low GPU memory and 
competitive iteration time.

• Fits edge / constrained 
deployments.

Efficiency

[1] Beck, Maximilian, Korbinian Pöppel, Markus Spanring, et al. “Xlstm: Extended Long Short-Term Memory.” NeurIPS, 2024.



The Mixing Process



Time Mixing

• Start with a shared linear 
forecast [2] (cheap, channel-
independent).

The Mixing Process

[2] Zeng, Ailing, Muxi Chen, Lei Zhang, and Qiang Xu. “Are Transformers Effective for Time Series Forecasting?” AAAI, 2023.



Joint Mixing

• Start with a shared linear 
forecast (cheap, channel-
independent).

• Two views (forward + reversed) 
→ view mixing. 

The Mixing Process

[3] Liu, Yong, Tengge Hu, Haoran Zhang, et al. “Itransformer: Inverted Transformers Are Effective for Time Series Forecasting.” ICLR, 2023.



Joint Mixing

• Start with a shared linear 
forecast (cheap, channel-
independent).

• Two views (forward + reversed) 
→ view mixing → final forecast. 

• Refine it with xLSTM block(s) 
that mix time + variates.

The Mixing Process



View Mixing

• Start with a shared linear 
forecast (cheap, channel-
independent).

• Two views (forward + reversed) 
→ view mixing → final forecast. 

• Refine it with xLSTM block(s) 
that mix time + variates.

• Result: As expressive as big 
models yet parameter-frugal like 
RNNs.

The Mixing Process



• Think: ‘rough guess → smarter 
correction’.

• Early stage handles what’s easy -
xLSTM stages focus capacity on 
what’s hard.

• Multi-view mixing regularizes and 
reduces parameters via shared 
weights. 

Iterative refinement



• SOTA on standard 
multivariate benchmarks.

• Strong probabilistic forecasts 
on GIFT-Eval.

• Also works as an embedding 
model.

Benchmark Performance



Take-home

• New: 3 Step-mixing for multivariate forecasting.

• Cheap base forecast, then xLSTM refines.

• Two views regularize + reduce params.

• Delivers SOTA accuracy with tiny memory footprint.
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