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Abstract

We study neural forecasters for dynamical systems through the lens of repre-
sentational alignment. We introduce anchor-based, geometry-agnostic relative
embeddings that remove rotational and scaling ambiguities, enabling robust cross-
seed and cross-architecture comparison. Across diverse periodic, quasi-periodic,
and chaotic systems, we observe consistent family-level patterns: MLPs align
with MLPs, RNNs with RNNs, and ESNs show reduced alignment on chaotic
dynamics, while Transformers often align weakly but still perform well. Alignment
generally correlates with forecasting accuracy, yet high accuracy can coexist with
low alignment. Relative embeddings thus offer a simple, reproducible basis for
comparing learned dynamics.

1 Introduction

Neural forecasters are widely used to model time-evolving processes, yet their internal representations
are often unstable across seeds and architectures. Rotations, scalings, and other geometric distortions
obscure whether different models capture equivalent dynamical invariants, complicating comparisons
across systems. Robust alignment tools are therefore needed.

Classical approaches such as RSA [[L1], CKA [10], or Procrustes [8] provide useful baselines
but remain geometry-dependent and often brittle across runs. Alternatives span conjugacy [,
relative/anchor methods [17], latent-space merging [15]], stitching [18| 20], spectral/topological refine-
ments [6} 7], landmark alignment [[15]], and product-space decompositions [3]].

We adopt anchor-based, geometry-agnostic relative embeddings [[17] that remove rotational and
scaling freedoms and provide reproducible alignment across seeds, architectures, and systems. Using
seven canonical periodic, quasi-periodic, and chaotic benchmarks [2} [13} [16], we compare a diverse
set of forecasters— MLPs, recurrent neural networks (RNNs) [9} 23], transformers[22]], Neural
ODEs [4]/Koopman models [14]], and echo-state networks (ESNs) [19](Figure E]) Our results reveal
reproducible family-level structure in representational geometry and show that alignment generally
tracks forecasting accuracy, though strong accuracy can also emerge with weaker alignment (notably
for Transformers). Although our focus is on representation alignment, this connects directly to the
goals of differentiable systems: building interpretable and reproducible models of dynamics, where
understanding latent representations is as important as forecasting accuracy.
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Figure 1: Overview of forecasting and representational alignment. An en-
coder—propagator—decoder maps past states Xi_ +1:¢ to latent z and predicts future states
Bi+1:t+1. We compare models by transforming absolute latents into anchor-based relative
embeddings and computing similarity scores between them.

2 Method

Representational alignment framework Following Sucholutsky et al. [21]], a representational
alignment experiment specifies data, systems, measurements, embeddings, and a similarity metric. In
our study: (i) Data: simulated trajectories from seven dynamical systems; (ii) Systems (models):
encoder—decoder forecasters trained under different seeds/architectures; (iii) Measurement: encoder
latents z = _(Xt—L+1:t) 2 RK from input windows of shape R-*9; (iv) Embeddings: anchor-
based relative embeddings built from z-scored anchor similarities; (v) Similarity: mean cosine
similarity between (1) two encoders’ and (2) mean cosine similarity between encoder vs true system.

Data We generate multistep trajectories from seven canonical systems spanning periodic, quasi-
periodic, and chaotic dynamics in continuous or discrete time: Lorenz—63 (3D chaotic ODE), stable
limit cycle (2D), double pendulum (4D Hamiltonian chaos), Hopf normal form (2D), logistic map
(1D), a fluid cylinder-wake dataset using the top three POD coefficients [2], and a weakly coupled
6D skew-product built from chaotic founders (Lorenz—63/R6ssler/Chen) with parameter jitter and
unidirectional coupling (see [12]). Each system provides independent train/val/test trajectories of
length T (z-scored per channel using train statistics).

Models: encoder-decoder forecasters Given an input window X¢—| +1:t 2 RL*d the model
predicts the next H states Be+14++4 2 RH*Y via Besgpey = P (Xe_L+1:t) 5 with
encoder _ : R-*9 B RK latent propagator P : RK ¥ RK, and decoder  : RK ¥ RM>d we
instantiate P as: (a) identity; (b) Neural ODE integrated for H steps; (c) linear Koopman update
Zx+1 = Kzy for H steps. As a reservoir baseline, we use an echo-state network with fixed sparse
reservoir and ridge-regression readout (no back propagation through time; no-BPTT). A summary of
the corresponding propagators is given in Table[I]

Measurements: latent representations Training a given architecture with different seeds or swap-
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each input window, we take Z =  _(X¢—r+1:t) 2 RK as the measurement.

Embeddings: anchor-based relative embeddings Each encoder produces latent vectors zj =
Xy —L+1y) 2 RK, which are first z-scored feature-wise across the dataset. A fixed subset
A =Tfajgl, Tz; g}-\lzl serves as anchors, and each normalized latent yields a relative embedding

where sim( ; ) denotes a similarity function introduced in the next subsection. This produces, for
each forecaster, a matrix Rye; 2 RN*™M whose rows correspond to datapoints and columns to anchors.
We fix the number of anchors K = 80 to balance variance (see Appendix [C]for details).

Similarity metrics between two autoencoders We quantify the similarity between two encoders

(%1)) and (%2)) over a dataset V using cosine similarity. Between the encoders’ relative embeddings
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and r_’, the alignment score is
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