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Abstract

Complex, temporally evolving phenomena, from climate to brain activity, are
governed by dynamical systems (DS). DS reconstruction (DSR) seeks to infer
generative surrogate models of these from observed data, reproducing their long-
term behavior. Existing DSR approaches require purpose-training for any new
system observed, lacking the zero-shot and in-context inference capabilities known
from LLMs. Here we introduce DynaMix, a novel multivariate ALRNN-based
mixture-of-experts architecture pre-trained for DSR, the first DSR model able to
generalize zero-shot to out-of-domain DS. Just from a provided context signal,
without any re-training, DynaMix faithfully forecasts the long-term evolution of
novel DS where existing time series (TS) foundation models, like Chronos, fail –
at a fraction of the number of parameters (0.1%) and orders of magnitude faster
inference times. DynaMix outperforms TS foundation models in terms of long-
term statistics, and often also short-term forecasts, even on real-world time series,
like traffic or weather data, typically used for training and evaluating TS models,
but not at all part of DynaMix’ training corpus. We illustrate some of the failure
modes of TS models for DSR problems, and conclude that models built on DS
principles may bear a huge potential also for advancing the TS prediction field.

1 Introduction

Figure 1: DynaMix achieves zero-shot DSR of attractor geometry and long-term temporal properties
(power spectrum) from a short context signal while Chronos [2] fails.

Most real-world processes, from atmospheric phenomena and stock markets to brain activity or
ecological networks, can be described as dynamical systems (DS) [58, 16, 88, 61]. Reconstructing
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these from observational data, called dynamical systems reconstruction (DSR), has been a long-
standing challenge in scienti�c modeling [101, 24, 32]. DSR goes beyond conventional time series
(TS) modeling, as we wish to have a generative model of the underlying process which exhibits
long-term behavior with the same temporal and geometrical signatures (Fig. 1), i.e. the same
invariant or `climate' statistics [68, 72], as important in scienti�c applications. Achieving this usually
requires special control-theoretic training techniques [60, 40] or loss objectives [71, 72, 43, 78] which
accentuate the system's long-term dynamics. Numerous deep learning approaches for DSR, based
on recurrent neural networks (RNNs; [87, 23, 90, 17, 7, 75, 40, 8, 72]), neural ODEs [18, 46, 1, 48],
Koopman operators [15, 57, 65, 4, 62, 29, 93], or library-based methods [13, 55, 44, 20, 59], have
been advanced over the years. However, all of these require purpose-training on the speci�c system
observed and struggle to generalize beyond their training distribution [34].

Inspired by the strong in-context and zero-shot generalization abilities of LLMs [11, 28, 22, 19], there
has been a push recently to develop models with likewise properties for the time series domain. Time
series foundation models like Chronos [2, 3] or Mamba4Cast [6] are pre-trained on a huge database
of real-world and arti�cial time series, and then tasked to forecast novel time series from which
snippets are presented in-context, without any parameter �ne-tuning. They are not built for DSR,
however, and – as we show here – typically fail to properly capture a system's long-term behavior
and the structure of its attractors (Fig. 1; [102]).

To address this gap, we introduce DynaMix, a novel mixture-of-experts model designed for DSR
and zero-shot forecasting. By training across a diverse range of DS, DynaMix learns transferable
representations, enabling it to forecast previously unseen systems without retraining, including their
underlying attractor geometries and invariant statistics (Fig. 1). The core features of DynaMix are:

• Accurate zero-shot DSR: DynaMix achieves strong generalization across diverse DS,
eliminating the need for �ne-tuning while maintaining accuracy in reproducing attractor
geometry and long-term statistics. No other model tested achieved this.

• Multivariate information transfer: Due to its multivariate architecture, the model ef-
�ciently captures dependencies among multiple system dimensions, enabling accurate
reconstruction of their coupled dynamics. Further, it is neither bound to a speci�c dimen-
sionality nor to a speci�c context length, but can �exibly adapt to other dimensions through
speci�c embeddings.

• Computational and parameter ef�ciency: The model reaches high performance with a
very lightweight architecture (� 10 k parameters) and small training corpus (34 systems),
enabling orders of magnitude faster inference than other foundation models.

• Interpretable dynamics composition: The model provides insight into the dynamical
composition of reconstructed systems, elucidating similarities between different DS.

• Time series forecasting: Beyond DSR, our model is applicable to general time series
forecasting where we employ different embedding techniques to obtain data representations
accessible to DSR.

We evaluate our model on multiple benchmark DS and real-world time series, demonstrating superior
zero-shot generalization on DSR problems compared to current TS foundation models.

2 Related work

Dynamical systems reconstruction (DSR) In DSR we seek to learn generative models from
time series data that represent the underlying system dynamics with all its topological, geometrical,
and temporal properties [24, 34, 72, 31, 14, 12], in that sense providing an approximation to the
underlying system's governing equations. By de�nition, such a model should not only render viable
short-term forecasts, but also reproduce the long-term evolution of the DS it has been trained on,
both in state space and in the time domain. Methods approaching this goal have been founded
on prede�ned function libraries, such as Sparse Identi�cation of Nonlinear Dynamics (SINDy;
[13, 55, 20, 44, 59]), on reservoir computers [69, 71, 72], neural ODEs [18, 46, 1, 48], Koopman
operators [15, 57, 65, 4, 62, 29, 93], or different types of RNNs [87, 23, 90, 17, 7, 75, 40, 8]. More
important than the architecture itself seems to be their proper training in order to ensure long-term
(invariant) statistics of the underlying system are met: Methods like sparse [60, 7] or generalized [40]
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teacher forcing allow RNN-generated trajectories to `explore the future' whilst training, yet keep
loss gradients in check. Alternatively, long-term statistics based on the observed system's Lyapunov
spectrum, fractal geometry, or invariant measures may be added to regularize the loss [71, 72, 43, 78],
but require to compute these properties from the data �rst. Despite these advances, out-of-domain
generalization remains a key challenge in DSR [34]. Meta- and hierarchical learning models, trained
across many DS simultaneously, have recently been designed as steps toward foundation models
for DSR [10, 64, 47, 100], but still require parameter �ne-tuning and lack in-context inference
capabilities.

Time series foundation models Large language models (LLMs) exhibit an impressive ability to
infer patterns from prompts (context) and generalize to novel situations without retraining [11, 28, 22,
19], although the underlying reasons for this are still a matter of debate [53, 92, 99]. This inspired the
development of general-purpose time series (TS) foundation models which could accurately forecast
time series from a short segment provided `in-context' [2, 27], without the need of task-speci�c �ne-
tuning [21]. One idea is to simply use pretrained LLMs directly as TS forecasters [35, 73, 81, 95, 85],
but the inherent differences between textual and many temporal data, such as continuity, present
signi�cant challenges [84]. To overcome these, transformer-based architectures, similar in design to
LLMs, such as Chronos [2, 3] or TimesFM [21], were speci�cally pretrained on a large corpus of
time series data. Promising zero-shot forecasting capabilities have also been achieved with alternative
architectural designs, such as Tiny Time Mixers [27] or state-space models like Mamba [6].

The success of TS foundation models raised hope these could also be utilized for zero-shot DSR, but
the – to our knowledge – so far only previous study on this, based on Chronos, had mixed outcomes
and fell short of a full DSR evaluation [102]: Successful DSR, if present at all, heavily depended on
the initial conditions, and mechanisms such as context parroting visually gave the wrong illusion that
features of the dynamics had been captured. In fact, here we show that existing TS foundation models
are generally not capable of producing valid DSRs (Fig. 1), and highlight some of their failure modes.
This is in contrast to the zero-shot DSR foundation architecture we develop here, based on models
[8] and training algorithms [60] successful in DSR.

3 Methods

3.1 Model architecture

To enable zero-shot reconstruction of novel DS, we develop a speci�c mixture-of-experts (MoE)
architecture that can be pretrained across many diverse DS (Fig. 10), with different experts possibly
specializing in different dynamical regimes. As a SOTA DSR base model for the experts, we leverage
a recent parameter-friendly RNN, which allows for highly ef�cient DSR training and is designed to
yield topologically parsimonious and interpretable representations of DS it is being trained on, the
Almost-Linear RNN (AL-RNN; [8]):

zt = Az t�1 + W � � (z t�1 ) + h : (1)

The model describes the evolution of anM -dimensional latent processzt 2 RM , with linear self-
connectionsA 2 diag(R M ), weight matrixW 2 R M�M , bias termh 2 R M , and� � (z t ) de�ned
as

� � (z t ) := [z 1;t ; � � � ; zM�P;t ; max(0; zM�P +1;t ); � � � ; max(0; zM;t )]T ; (2)
i.e. with a ReLU nonlinearity on onlyP << M out of theM AL-RNN units. The �rstN units are
interpreted as the network's readouts and provide the predicted observations,X̂ = fx̂ t = z 1:N;t g 2
RN�T , where N is the observation dimension.

The selection of AL-RNN experts is achieved through a gating network (Fig. 2), which receives as
inputs the (generally multivariate) context time seriesC = fc t g 2 RN�T C as well as the current
latent state zt . Both are passed into a state attention mechanism de�ned as

w att
t = �

 �
�C � (Dz t + �) 1 >

TC

�
�>

1N

� att

!

2 RTC ; (3)

whereD 2 R N�M is a learnable matrix which maps the latent state into observation space,� �
N (0; �) exploration noise with a learnable covariance� , � att a learnable temperature parameter,
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1fT C ;Ng column vectors of ones of lengthTC ; N , respectively, and�(�) the softmax returning
normalized weights. Hence, this mechanism computes attention weights based on some distance
between projected latent states and actual context observations. At the same time, the context
signalC is processed by a CNN, yielding temporal features~C 2 R N�T C . These features are then
weighted with the attention weightsw att

t , and together with the current statezt further processed by
a multi-layer perceptron (MLP) followed by a softmax, yielding a set of expert weights at any timet:

w exp
t = �

 
MLP( ~Cw att

t ; zt )
� exp

!

2 R J ; (4)

where� exp is another learnable temperature parameter. The forward-iterated latent statesz j
t+1 of the

individual expertsj 2 f1; :::; Jg are then weighted byw exp
t to yield the next time step prediction

zt+1 =
P J

j=1 wexp
j;t � z j

t+1 . Fig. 2 illustrates the whole approach. Note that one key advantage of this
compared to other TS foundation architectures is that the context length is �exible by design, i.e. the
CNN and the attention mechanism may take as input a context signal of arbitrary length.

Figure 2: Illustration of the DynaMix architecture. At test time, only a context signalC is provided
and guides the selection of experts to yield arbitrarily long forward predictions of the dynamics.

3.2 Model training

For training, a collection of just34different chaotic and cyclic DS is used [30], see Appx. A.2 for
full speci�cation and Fig. 10 for illustration. From each, multivariate time seriesX 2 R N�T are
simulated (� 6 � 10 5 in total) and then standardized dimension-wise (likewise for the test set), of
which the �rst TC < T column entries are de�ned as the context signalC = X 1:T C . The experts
are initialized att0 = T C � �t + 1 and forward-iterated until timeT, such that they overlap for a
period�t with the context. This is to ensure that the model learns to optimally utilize the context
for generalization. A MSE loss is then computed across ground truth,X TC ��t+1:T , and respective
model-generated time serieŝX . The model is trained by sparse teacher forcing (STF; [7, 60]), a
control-theoretic technique speci�cally designed for DSR. STF replaces part of the forward-iterated
latent stateszt by data-inferred stateŝzt at optimally chosen intervals� , to avoid exploding gradients
even for chaotic systems while enabling the DSR model “to explore the future” (see [60] for detailed
theoretical motivation). As shown in Fig. 26, STF with optimal� is essential for achieving good
zero-shot DSR results. Note that STF is only used for training and turned off at test time.

3.3 DSR evaluation & time series forecasting

We used two established measures to assess DSR quality [49, 7, 40, 97, 102, 72, 60, 66, 31]: First, to
quantify agreement in state space (attractor) geometry, we employed a Kullback-Leibler divergence
de�ned across space,D stsp (see Appx. A.1 for details). For assessing agreement in long-term
temporal properties, we used the Hellinger distanceDH de�ned across power spectra of the true
and model-generated trajectories. Crucially, to properly assess the long-term dynamics, both these
measures were evaluated in the limit of largeT = 10; 000. In addition, a short-term,n-step-ahead
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mean absolute prediction error (MAE) was evaluated. As has been repeatedly emphasized in the
statistical and DSR literature [97, 49, 7, 60, 70, 31], prediction errors de�ned on time series are
often only sensible on short time scales, because of the well known exponentially fast divergence of
trajectories in chaotic DS (see Fig. 24).

Empirically observed time series are often just one-dimensional (N � = 1 ), but come from an
inherently much higher-dimensional underlying DS. To work ef�ciently in a DSR setting, the context
signal should represent the underlying DS as good as possible, for which it commonly needs to
be lifted into a higher-dimensional space where sets explored by the dynamics ideally become
diffeomorphic to those in the system's true state space. Temporal delay embedding is the most
popular technique to achieve this [82, 76]. For a1d time seriesfx t g, ad-dimensional embedding can
be de�ned as [50]

x emb
t = (x t ; x t�� 1 ; :::; x t�� d�1 ) ; (5)

where the� i are time lags, commonly estimated from the autocorrelation of the time series. Alter-
natively, if the delay embedding would become too large (d > N ), we augment the empirically
observed time series by a variant of the positional encoding common in transformers, de�ned here as

x emb
t =

�
x t ; sin

�
2�t
�

+ � 1

�
; :::; sin

�
2�t
�

+ � N�1

��
(6)

where� := arg max �>� min
E[x t x t+� ] is given – provided it exceeds a threshold� min – by the

maximal autocorrelation, and a random phase �i 2
�
0; �

2

�
is assigned to each dimension.

4 Results

4.1 Zero-shot DSR

Figure 3: a) DynaMix zero-shot DSR (red) compared to ground truth (lightgray) using a500-step
context (darkgray) for the Sprott M system. b) Zero-shot forecasts for the Selkov DS (true vector
�eld in lightgray) from different initial conditions (red) outside the context range (darkgray). c) DSR
quality as a function of context length for Lorenz-63. d) DSR quality as a function of the temporal
resolution �t of the context signal. Error bands = STD

Figs. 1 (top) & 3a present example zero-shot DSRs of new chaotic DS, which were not part of
DynaMix' training domain, from just a provided context signalC (see Figs. 11-15 for further
examples). Despite the inherent challenge of predicting chaotic systems, where small differences in
initial conditions lead to rapidly diverging trajectories (Fig. 24), DynaMix successfully captures the
system's temporal & geometrical behavior, i.e. accurately reconstructs the underlying state space and
faithfully recovers the true system's power spectrum. Fig. 3b highlights further aspects of DynaMix'
reconstructions: Even though not trained on any2d systems, the model successfully recreates the
limit cycle from the2d Selkov system [79]. Notably, the model even generalizes to new initial
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conditions outside the scope of the context data, i.e. correctly infers properties of the state space
beyond the short context trajectory (see Fig. 22 for further examples). Likewise, although trained
only on3d DS, DynaMix also successfully generalizes to higher-dimensional DS, as illustrated for
the6d Lorenz-96 system [56] in Fig. 34 (see Appx. A.6 for details on the setup and comparisons
to other models). As further shown in Fig. 3c, the context length necessary to achieve good DSR
quickly converges, with as few as500time steps often suf�cient. Fig. 3d illustrates that our approach
also works across a surprisingly wide range (about an order of magnitude) of temporal resolutions at
which the underlying DS was sampled, con�rming its robustness w.r.t. sampling frequency.

We next compared the zero-shot, out-of-domain DSR performance of DynaMix to that of a number of
recent TS foundation models, including various versions of Chronos [2], Chronos-2 [3], Panda [52],
Mamba4Cast [6], TimesFM [21], and Tiny Time Mixers [27], using the long-term statisticsD stsp
andDH for evaluation (see Sect. A.1). As seen in Fig. 4a-b, DynaMix clearly and signi�cantly
outperforms all of these. In terms of short-term (10-step ahead) forecasts, for which TS foundation
models (unlike DynaMix) are optimized, DynaMix performs on par with the strongest competitors
in our batch, as shown in Fig. 4c. This is especially surprising when compared to Panda, which
included variations of our test set DS in its training repertoire, biasing the evaluation in its favor.
Table 9 assembles further results on performance comparisons, while Figs. 16-21 provide speci�c
examples. Moreover, a signi�cant limitation of particularly the large Chronos models with millions of
parameters is their extreme inef�ciency in both inference time and computational costs, as compared
in Fig. 5. In fact, their inference time can even exceed that of a custom-trained model. In contrast,
DynaMix provides a highly ef�cient alternative, offering superior DSR performance while using
orders of magnitude less parameters (� 10k in total) and computation time.

Figure 4: Zero-shot DSR performance across all 54 test set DS for DynaMix and various TS founda-
tion models for context lengthTC = 2000 (see Fig. 23 for results withTC = 512). Median� MAD
of D stsp (left, geometrical disagreement),DH (middle, temporal disagreement), and MASE (right,
short-term prediction error). Statistical testing based on Wilcoxon signed-rank tests.

Figure 5: Number of model parameters vs. inference times for zero-shot generation of Lorenz-63 DS
with 10000forecasting steps. All models were provided the exact same context and run on the same
hardware. Note the log-scale on thex/y-axis. For comparison, also the time needed for training and
inference of a custom-trained AL-RNN is shown (turquoise).

To put DynaMix' performance further in context, we also compared it to a couple of custom-trained
DSR models, i.e. SOTA DSR models explicitly trained on the context data, incl. the plain AL-RNN
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trained by STF [8], Neural ODEs [38, 18], and reservoir computers which are commonly used
for DSR [72] (see Appx. A.7 for details). Despite the custom trained models' unduly advantage,
performing – unlike DynaMix – only in-domain generalization [38], DynaMix keeps up with, and in
some cases even outperforms, them (Appx. Tables 6–8).

4.2 Reasons for the failure of TS foundation models on DSR

Why do TS foundation models perform so poorly on DSR problems? Essentially, they face three
key issues: First, most TS foundation models cannot ef�ciently deal with multivariate time series,
but treat dimensions independently. However, in a nonlinear DS all variables are usually coupled,
and their joint evolution is actually de�ning for the system's (long-term) dynamics and attractor
states. Thus, ignoring this, as illustrated in Fig. 6a, results in poor long-term accuracy (see also Figs.
16-21). This highlights a fundamental limitation: Univariate approaches are inherently insuf�cient for
reconstructing multivariate, interacting DS. Second, TS foundation models are trained for short-term
prediction, but not for DSR, providing another reason why they fail to reconstruct the correct long-
term behavior. As illustrated in Figs. 1 & 6b, in the longer run they often converge to �xed points or
simple cycles where the true dynamics is chaotic, not re�ecting the context anymore. Third, context
parroting, a phenomenon originally identi�ed in LLMs [5], has also been observed in TS foundation
models [102], where they tend to repetitively reproduce the exact input pattern rather than dynamically
adapting to the system's true evolution. Thus, TS foundation models simply produce oscillations,
where the true dynamics is chaotic and therefore by de�nition irregular and non-repeating (Fig. 6c).
This is illustrated in more detail in Fig. 6d for Chronos-t5-base, the best of the TS foundation models
according toD stsp . It is particularly evident in the power spectrum (Fig. 6d right), where Chronos'
sharp, narrow peaks wrongly suggest periodicity, while the true spectrum is usually rather broad and
smeared out for chaotic systems, as the one exhibited by DynaMix. We further quanti�ed this by
calculating from the forecast time series the maximum Lyapunov exponent [60], a measure for the

Figure 6: Common problems of TS foundation models (red: forecast, darkgray: context, lightgray:
ground truth). a) Dimensions are dynamically decoupled. b) Long-term forecasts often converge to
simple �xed points or cycles unrelated to the true dynamics. c) Context parroting covers up the true
dynamics. d) Example forecasts for the chaotic Lorenz-63 system with DynaMix and Chronos-t5-
base. Chronos' context parroting results in cyclic repetition of a �xed pattern, thus inherently missing
the true aperiodic, chaotic dynamics. This is evident in the close-to-0 max. Lyapunov exponent
(center) and peaked power spectrum (right). e) For comparison, if the underlying behavior is truly
cyclic with prominent peaks in the power spectrum, both Chronos and DynaMix are able to capture it.
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exponential divergence rate of trajectories (see Appx. A.1). For Chronos, the value� Chronos � 0:02
close to zero con�rms the nearly periodic behavior, while DynaMix produces exponentially diverging
trajectories with� DynaMix � 0:96 close to the ground truth value of� Lorenz63 � 0:87 . Hence,
unlike DynaMix, Chronos does not reconstruct the underlying dynamics but just repeats the context.
On the other hand, if the underlying dynamics truly is cyclic, DynaMix settles into a cyclic pattern as
well, exhibiting no intrinsic bias, as illustrated in Fig. 6e.

4.3 Dynamical similarity

DynaMix' mixture-of-experts design produces a natural similarity measure for comparing the dynam-
ics of different systems, by evaluating the relative contribution of each of the experts to the forecast
dynamics. As shown in Fig. 7a (bottom), different expert mixtures specialize in speci�c dynamical
patterns or regimes. Hence, we can utilize the expert usagew exp across the generated time series to
construct a similarity metricS = 1

1+W 2
2

2 [0; 1], based on the squared 2-Wasserstein distanceW 2
2

between the standardized expert weights wexp of any two systems.

Figure 7: a) Top: Vector �elds of different experts which in combination determine the attractor.
Bottom plot illustrates the expert usage across time. b) Similarity matrix based onS among all84DS
in the dataset, sorted via hierarchical clustering. Structure in the matrix indicates there are clusters of
DS with high dynamical similarity. c) Examples of two pairs of attractors classi�ed as similar (top),
and one dissimilar pair (bottom).

4.4 Time series forecasting from a DS perspective

Table 1: Performance comparison on empirical time series in terms of geometrical divergence (D stsp),
long-term temporal distance (DH ), and forecast error (MAE). Best in red, second-best in blue.

System DynaMix Chronos-t5-base Mamba4Cast TTM TimesFM
D stsp DH MAE D stsp DH MAE D stsp DH MAE D stsp DH MAE D stsp DH MAE

Partially obs. DS 0.02 0.25 0.39 0.02 0.32 0.39 8.35 0.35 0.76 4.76 0.31 0.90 7.30 0.36 0.71
ETTh1 0.22 0.08 4.92 0.23 0.09 3.22 0.80 0.10 3.63 6.36 0.09 4.64 0.24 0.10 3.04
Traf�c 0.81 0.21 6.93 0.40 0.10 3.16 1.59 0.34 7.68 1.36 0.25 5.25 0.43 0.11 3.66
Cloud Requests 0.27 0.14 161.58 1.86 0.31 557.35 5.89 0.16 282.95 1.31 0.25 147.54 0.33 0.29 239.31
Weather (Temp.) 0.66 0.09 2.24 4.78 0.21 4.14 6.86 0.57 9.39 1.28 0.12 1.92 6.86 0.13 3.31
Weather (Press.) 0.39 0.19 9.03 6.68 0.23 9.05 7.07 0.52 8.60 7.31 0.26 10.03 9.59 0.60 8.41
Human fMRI 0.17 0.09 0.45 5.78 0.12 0.85 7.97 0.11 1.35 4.87 0.39 1.54 6.19 0.21 1.11
Human EEG 0.79 0.23 1.07 9.45 0.24 1.10 5.87 0.61 1.12 10.36 0.26 1.25 10.07 0.27 1.32

We next tested and compared DynaMix on a variety of real-world datasets often used to probe time
series models. As discussed in Sect. 3.3, for DynaMix we used an embedding of the typically1d
empirical time series, to better re�ect the underlying DS properties (positional embedding for all
empirical time series, akin to what is done in TS foundation models, and delay embedding for the
Lorenz-63). Fig. 8a con�rms for a1d time series from the3d chaotic Lorenz-63 system that this
works well and DynaMix, in contrast to all other models, is still able to reconstruct the chaotic
behavior. When applied to real-world time series, such as traf�c, weather, or cloud request data,
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Figure 8: Comparison of DynaMix (red) to strongest competitor in terms of Dstsp (other colors) on
zero-shot forecasts of various empirical time series (see Fig. 27-30 for comparisons to all other TS
foundation models): Forecasts of a) partially (1d) observed Lorenz-63 DS, b) electricity transformer
temperature, c) hourly car traf�c data with weekly cycle, d) Huawei cloud requests, e) soil temperature
development, f) air pressure, g) human functional magnetic resonance imaging (fMRI), h) human
electroencephalogram (EEG).

where previous TS foundation models have shown inconsistent results [86], our model produces
accurate forecasts which re�ect the dynamics well (Fig. 8b-f, see Appx. A.2 for further details on the
datasets). Our model seems to excel particularly on human physiological signals, such as functional
magnetic resonance imaging (fMRI) or electroencephalographic (EEG) recordings, where all other
models essentially produce meaningless dynamics, at best capturing the mean trend (Fig. 8g,h).

Table 1 quantitatively con�rms that DynaMix mostly outperforms the other models tested on the
DSR measures. Surprisingly, it often even outperforms them in terms of the forecasting error MAE,
although its training corpus consisted purely of the simulated DS shown in Fig. 10, i.e. did not
include any empirical data at all, let alone traf�c, cloud usage, electricity, or temperature data! This is
in stark contrast to the other TS foundation models tested here, which mostly had examples of such
empirical data in their training corpus and hence might be expected to have an edge over DynaMix.
Many real-world data, like weather, human fMRI, or EEG data, are known to bear signatures of
deterministic chaos [60, 51], potentially at least partly explaining DynaMix' strongly competitive
forecasts, although it has never seen such type of data in training.

4.5 Which ingredients are most crucial for DynaMix' performance? Ablation studies

Which are the components of the DynaMix framework contributing most to its success in zero-shot
out-of-domain generalization? Training by STF (Fig. 26), a suf�ciently diverse training corpus, a
suf�cient number of experts (Fig. 25), the attention mechanism, and context preprocessing by the
CNN, all appear vital to its strong performance (Fig. 9). Replacing the �nal gating step (the MLP)
by a simple linear operation and the exact expert model within the class of piecewise linear RNNs,
however, had less of an impact. Similar results were obtained when the AL-RNN was swapped for
the clipped shallow PLRNN [40], and a probabilistic version of the AL-RNN (adding a noise term
zt = F(z t�1 ) + �; � � N (0; �) ) even slightly improved long-term performance, albeit at the cost
of some short-term prediction accuracy. Using as experts LSTMs [42], vanilla RNNs or reservoir
computers [67] instead led to decay in performance, in line with previous results establishing PLRNNs
as SOTA DSR models which allow for ef�cient training by STF [7, 40, 8]. Hence, it appears that the
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