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Abstract

Forecasting the behavior of real-world spatiotemporal systems often requires not1

only accurate predictions but also interpretable regime trajectories, i.e. discrete2

states that describe how dynamics change over time. However, existing approaches3

often entangle space and time, obscuring regime structure or trading interpretabil-4

ity for scale. We introduce ReGraSS, a unified framework that learns discrete,5

interpretable latent regimes from spatiotemporal data, represented as dynamic6

graphs, combining variational training with strictly time-ordered state-space infer-7

ence. Predictions are produced by a mixture-of-experts modulated by the inferred8

regime probabilities, enforcing regime-specific specialization and supporting inter-9

pretability. Trained with self-supervised one-step prediction, the model learns in10

label-scarce settings and provides calibrated uncertainty by estimating a distribution11

over discrete regimes. ReGraSS matches or surpasses state-of-the-art spatiotempo-12

ral baselines in one-step forecasting. It shows the smallest error spike at regime13

changes and the fastest recovery thereafter, indicating regime-level interpretabil-14

ity and reliable trajectory tracking without compromising accuracy. We believe15

our interpretable, uncertainty-aware framework for regime-aware forecasting on16

dynamic graphs has direct application in healthcare, finance, and epidemiology.17

1 Introduction18

Recent advances in modern sensing and data acquisition reveal how real-world systems evolve across19

space and time [1, 2, 3]. In these settings, accurate forecasting of the system’s trajectory is necessary20

but often not sufficient: interpretable regime trajectories, i.e. discrete states governing the system’s21

evolution, may also be required. They reveal to be critical in high-stakes domains such as healthcare22

(e.g., disease progression staging [4, 5, 6]), finance (e.g., market regimes [7, 8]) or epidemiology (e.g.,23

transmission phases [9, 10]), where decisions rely on understanding when and why a regime shifts,24

not only on accurate forecasting of future events. Yet, current learning systems lack regime-aware,25

time-ordered explanations alongside forecasts, leaving a critical gap for models that jointly learn26

spatial structure, temporal evolution, and discrete interpretable regimes.27

Graph Neural Networks (GNNs) [11, 12] are powerful tools to model spatial relationships through28

relational inductive biases, providing a unified framework for domains with hierarchical structure and29

rich spatial interactions. Extending them to spatiotemporal settings is challenging because both the30

graph topology and the node signals may evolve over time. Dynamic variants such as EvolveGCN31

[13] and ROLAND [14] address part of this challenge, yet they still interleave spatial aggregation32

with temporal updates via recursive message passing. As topology evolves, this coupling obscures33

what changed from when it changed, hindering interpretable identification of discrete regimes.34

On the other hand, State Space Models (SSMs) provide a well-established framework for modeling35

temporal dynamics via latent state representations and structured transitions. Recent work on36
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learnable SSMs (e.g., S4 [15], Mamba [16]), achieve strong performance on sequence modeling tasks,37

overcoming several limitations of classical SSMs such as adaptation to regime shifts and multi-scale38

dynamics. However, they typically require large amounts of data and tend to sacrifice latent-state39

interpretability, limiting their applicability where understanding the underlying dynamics is essential.40

Recent efforts integrate SSMs with graphs by decoupling spatial and temporal reasoning, applying41

state-space updates at the node level and mixing via GNN layers (e.g., GrassNet [17], Graph Mamba42

[18]). Dynamic variants further interleave Mamba-based sequence modules and spatiotemporal graph43

blocks to handle evolving topologies (STG-Mamba [19], DG-Mamba [20]). However, these models44

typically use SSMs as feature extractors rather than for interpretable regime tracking through state45

representation.46

In this work, we propose ReGraSS, an unified framework that models discrete, interpretable regimes47

as latent states on dynamic graphs. A dynamic GNN encodes evolving structure and features, while48

temporal regime dynamics are decoupled and captured via a variational distribution over latent49

states. Predictions are state-conditioned via a mixture-of-experts weighted by regime probabilities, so50

the inferred state actively governs emissions, yielding trajectory-level explanations and calibrated51

uncertainty without degrading forecast accuracy. During training, a categorical VAE [21] with52

a learnable transition prior supports uncertainty-aware regime discovery; at inference, we switch53

to a strictly time-ordered state-space rollout that conditions only on past and present, enabling54

transparent trajectory analysis without future leakage. To function in label-scarce settings common in55

high-stakes applications, we adopt an autoregressive one-step forecasting objective that forces the56

model to internalize graph-coupled dynamics by predicting next-step node features and produces57

regime trajectories consistent with predictive performance. On controlled synthetic tests with induced58

non-stationarity, the framework captures regime transitions, supports uncertainty-aware trajectories,59

and matches or surpasses strong spatio-temporal and graph-SSM baselines, demonstrating that60

interpretable regime tracking can be achieved without a trade-off in accuracy.61

2 Proposed Approach62

2.1 Problem Statement63

We consider a discrete-time sequence of graph snapshots G = (Gt)
T
t=0, where eachGt = (Vt; Et; Xt)64

consists of a vertex set Vt, an edge set Et, and node features Xt 2 RNt�D with Nt = jVtj and65

feature dimension D. We assume that the topology and vertex set may vary over time (vertices may66

appear or disappear).67

Our main hypothesis is that a finite set of discrete regimesR = fr1; : : : ; rKgmodulates the dynamics,68

withRt 2 R being the active regime at time t. Discrete regimes align with how practitioners typically69

characterize system progression (physiological stages, market states) even when these categories70

coarsen underlying continuous dynamics.71

Focusing on node-feature dynamics, we assume that the next time point features Xt+1 are gen-72

erated from some probability distribution P
�
Xt+1

�� X0:t; V0:t; E0:t; R0:t

�
conditioned on past73

history. Thus our objective is to learn a model f̂ that (i) approximates the probability distri-74

bution P
�
Xt+1

�� X0:t; V0:t; E0:t; R0:t

�
in an autoregressive manner, (ii) while inferring the ac-75

tive regime without being provided regime annotations. Formally, the model can be defined as76

f̂(X0:t; V0:t; E0:t) =
� bXt+1; bRt�: Extensions to topology prediction are straightforward.77

2.2 Architecture78

We introduce ReGraSS (Regime-aware Graph State Space model), an autoregressive generative79

framework for modeling spatio-temporal dynamics on graphs through an intepretable discrete latent80

state space, where the extracted states act as proxies for the underlying regimes governing the system81

evolution. ReGraSS follows a structured encoder-decoder design. The encoder approximates the82

posterior over discrete latent states and the decoder generates node features at future time steps,83

conditioned on both the latent state and observed inputs. The model operates differently during84

training and inference; we describe the training behavior here and defer the dual representation and85

inference details to Section 2.4. The architecture is illustrated in figure 2, and we describe its main86

building blocks below.87
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Figure 1: Visualization of the model’s architecture and dual formulation.

Figure 2: Visualization of the model architecture and dual-view formulation. Top panel (training
phase): At each time step, graph snapshots are processed sequentially through the LSTM-GNN
module to produce graph-level temporal embeddings. These embeddings are used to infer the current
latent state zt via the Gumbel-Softmax module, and to predict the next state zt+1 via the learnable
prior module P�. Given the inferred states, the temporal node-level embeddings hnodes are passed
through a MoE module, where expert outputs are modulated by zt, to generate the predicted node
features at time t+ 1. Bottom panel (inference structure): The framework can be decomposed into
two components: state transition and emission. This mirrors the classical state-space model (SSM)
formulation, while extending it to a non-linear and graph-based setting.

Encoder. The encoder’s first stage is a temporal GNN that aggregates information from past snapshots88

up to the current step t. We instantiate it with ROLAND ([14]), which maintains hierarchical node89

representations via GRU updates ([22]) and naturally supports evolving graph topology. We map the90

pooled temporal graph embedding htG2RH to K unnormalized logits with a linear layer91

‘t = WhtG + b; W 2 RK�H ; b 2 RK ; K = jRj:
To obtain a posterior over the K regimes, we use the Gumbel–Softmax reparameterization [21]:92

q�(zt j htG) = softmax

�
‘t + gt
�

�
; gt � Gumbel(0; 1)K ; � > 0:

Sampling zt � q�(� j htG) yields a differentiable, discrete latent vector that encodes the current93

regime Rt (approaching one-hot as � ! 0). Our probabilistic approach quantifies uncertainty in94

the current regime and offers a distributional view that bridges continuous dynamics and discrete95

regimes. Yet, the framework remains compatible with continuous latents if the underlying system is96

better described by continuous variables.97

Learnable prior for causal transitions. We define a learnable prior p�(zt j ht�1
G ; zt�1),98

parametrized by a 2-layer MLP, that receives the temporal embedding ht�1
G and the previous latent99

state to predict zt. During training, we align this prior with the variational posterior q� (see Sec-100

tion 2.3), yielding SSM-like transitions and enabling the dual representation in Section 2.4. Compared101

with a fixed Markov prior, this data-driven conditional prior better captures non-stationary regime102

dynamics on evolving graphs.103

Decoder (mixture of experts). The decoder predicts the next-step node features Xt+1 conditioned104

on the current features Xt and the latent state zt. We implement it as a mixture-of-experts (MoE105

[23]): K experts ffkgKk=1, each parametrized by an independent MLP, produce candidate outputs106

that are combined using the posterior mixing coefficients �t = q�(zt j htG). Equivalently, bXt+1 =107 PM
k=1 �t;k fk(Xt). The choice of the number of experts is domain specific but is typically selected to108
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match the number or regimes in the data (K = jRj), thus encouraging a one-to-one correspondence109

between the variational-induced states zt and the regimes rk. This implementation induces state-110

conditioned output generation, mirroring classical SSM two-stage behavior, i.e., state transition then111

output emission [15]. It also encourages specialization: as the Gumbel–Softmax vector approaches112

one-hot, each expert learns the dynamics associated with a specific regime rk 2 R. While our113

implementation uses MLPs, experts can be replaced with other modules such as GNNs when domain114

requires it, e.g. when regime transitions influence the diffusion process in the graph, which is better115

captured by GNN experts rather than MLPs.116

2.3 Training Procedure117

Training uses a variational objective derived from the categorical VAE ELBO ([21],[24]) with a118

forecasting likelihood. Formally, with qtz = q�(zt jhtG) and ptz = p�(zt jht�1
G ; zt�1), the graph-level119

loss over a sequence t = 0; : : : ; T � 1 is120

L =

T�1X
t=0

h
‘forecast

�
X̂t+1; Xt+1

�| {z }
one-step prediction

+ �
�

KL
�
qtz)


 sg[ ptz]

�| {z }
encoder-prior alignment

+ 
 CE
�
sg[ qtz]; p

t
z)
�| {z }

teacher-forced prior fitting

�i
; (1)

where ‘forecast is a regression loss between the decoder prediction X̂t+1 (the MoE output) and the121

observed features Xt+1, and sg[�] denotes the stop-gradient operator, i.e. that the gradients are not122

backpropagated further in the computation tree. The KL term updates the encoder so that the posterior123

qtz agrees with the prior ptz , while the cross-entropy (CE) term trains the transition module to match124

the encoder’s next-time posterior qt+1
z . This asymmetric pairing stabilises learning: the encoder does125

not chase a moving prior, and the prior learns from the encoder without backpropagating through its126

inputs. Detailed regularization and parameters schedules are provided in the Appendix 5.1.127

By regressing Xt+1 from information available at time t, the objective forces the model to internalize128

the system’s transition mechanisms, remaining effective when regime annotations are missing,129

unreliable, or available only at endpoints. This, in turn, enables reconstruction of regime trajectories130

and stratification of sequences (Gt)
T
t=0 by regime and temporal evolution.131

2.4 Dual Representation132

Our framework couples variational training with state-space inference to bridge two limitations133

encountered in the literature. By learning spatial representations with a dynamic GNN and evolving134

them through discrete regimes, it disentangles space–time updates that obscure regime structure135

in temporal GNNs. At the same time, the inference-time state-space rollout restores interpretable136

state representation often lost in deep SSMs, while preserving forecasting accuracy through state-137

conditioned emissions. This dual formulation is robust to scarce or unreliable labels and preserves138

strict temporal causality. During training, a variational next-step regression objective learns a139

posterior over regime trajectories, enabling trajectory-level explanations even without ground-truth140

regime annotations. At inference, we replace the posterior, that benefits from future information141

via backpropagation, with the learned transition prior and roll forward using only past observations,142

eliminating future leakage. The probabilistic treatment yields calibrated uncertainty for the current143

regime and a distributional view of transitions, bridging continuous dynamics and discrete regimes144

without sacrificing predictive performance.145

3 Experiments and Results146

3.1 Dataset147

We generate 150 spatiotemporal graph sequences with T = 10 snapshots (TP1–TP10). At TP1,148

we sample C�Uniff3; 4; 5g Gaussian clusters in Rd (d = 8), with centers �c�Unif([�10; 10]d),149

isotropic covariance 0:62Id, and sizes Mc � Uniff5; : : : ; 100g; node features are the sampled150

coordinates. We build an undirected k-NN graph at TP1 and keep edges fixed thereafter (translation-151

invariant under our dynamics). Each sequence follows a discrete regime rt2fr1; r2; r3g that induces152

a constant drift v(rt)2f�2 1d; +2 1d; 0dg, with i.i.d. Gaussian noise "(t)
i �N (0; 0:62Id) at each153

step. The regime is resampled once between TP4 and TP5 to test models ability to remain robust to a154

mid-sequence nonstationarity (TP4!TP5). Full details are in Appendix 5.2.155
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3.2 Baseline Methods156

We compare against baselines spanning complementary assumptions: (i) no space/no time, (ii)157

time-only naïve dynamics, (iii) spatio-temporal without latent regimes, and (iv) spatio-temporal with158

deep state-space modules, to ensure gains are not attributable to unstructured aggregation or trivial159

autocorrelation.MLP (no space, no time) concatenates all node features into a single embedding,160

testing whether simple global aggregation suf�ces.Persistence(time only) is a parameter-free161

baseline that predictsX t +1 = X t to assess whether autocorrelation alone explains performance.162

LSTM–GNN (spatio-temporal) uses the GNN–LSTM encoder (adapted from ROLAND [14]) as a163

standalone predictor, isolating the contribution of discrete regimes and mixture-of-experts decoding164

in our method.STG-MAMBA ([ 19]) (spatio-temporal) integrates dynamic graph �ltering with a165

Mamba block for multi-scale temporal modeling, providing a benchmark against state-space/dynamic-166

graph hybrids. These baselines rule out unstructured aggregation, trivial autocorrelation, and generic167

spatio-temporal encodings. Additional implementations details appear in the Appendix 5.3.168

3.3 One-Step Prediction under Changing Regimes169

First, we evaluate each model in a one-step regression setup to test whether it captures system170

evolution and adapts to regime changes. Given the observed history up to timet, (X 0:t ; V0:t ; E0:t ),171

each model predicts the next featuresX t +1 ; we apply this procedure iteratively across time points on172

the dataset in Section 3.1. We pay particular attention to the induced shift between TP4 and TP5 as173

a stress test for non-stationarity. Performance is quanti�ed by mean squared error (MSE) between174

bX t +1 andX t +1 , and we additionally report the mean absolute feature value at each time point to175

contextualize error magnitude (Table 1).176

Across the synthetic dataset, ReGraSS attains the lowest mean error over the sequence (2.79 MSE177

vs. 3.05 for LSTM–GNN; Table 1) and leads both before the induced shift (pre-TP5 average178

1.33) and after it (post-TP5 average 3.96). The Persistence baseline (x t +1 = x t ) performs worst179

throughout (6.77 MSE), con�rming that temporal autocorrelation alone does not explain performance.180

A structure-free MLP is competitive early but breaks at the shift (TP5), indicating that unstructured181

aggregation cannot adapt to non-stationarity. The LSTM–GNN (ROLAND-based [14]) is a strong182

spatio-temporal encoder without latent regimes; it matches or narrowly beats our method at isolated183

time points (TP4 and TP9), yet falls behind on average and recovers more slowly after the shift.184

STG-Mamba ([19]) underperforms on this setting, especially near the regime change, suggesting185

limited robustness to non-stationary dynamics.186

Two observations highlight the intended advantages of discrete regimes with state-conditioned187

emissions. First, the performance drop at the regime change is the smallest for our method (TP5-188

TP4 jump4:72 vs. 4:99 for LSTM–GNN,5:36 for MLP, 5:02 for STG-Mamba), indicating better189

alignment to the new dynamics. Second, our method shows the fastest one-step recovery (TP5-TP6190

drop� 3:71vs. � 3:40for LSTM-GNN) and post regime changes performances, consistent with rapid191

state reassignment and expert specialization once the system switches regimes. A residual limitation192

is a mild degradation within long single-regime segments (e.g., TP4 and TP9), which we attribute193

to occasional regime misassignment due to insuf�cient penalty on remaining in an incorrect state194

(see Figure 3). This suggests a simple mitigation with a calibrated self-transition regularizer without195

altering the overall architecture.196

Table 1: Validation performance on synthetic data at different time-points (TP1–TP9) of the sequence
(Gt )9

t =1 . For each method and time step we compute the MSE betweenbX t +1 andX t +1 .

Model TP1 TP2 TP3 TP4 TP5 TP6 TP7 TP8 TP9

Persistence 6.57 6.55 6.69 6.66 6.90 6.92 6.92 6.97 6.74
MLP 2.26 1.98 2.17 1.87 7.23 3.79 3.46 4.12 3.92
LSTM-GNN 1.21 1.46 2.15 1.65 6.64 3.24 3.55 3.86 3.72
STG-Mamba 8.59 6.97 3.78 3.48 8.50 5.11 4.89 4.32 4.65
Our Method 1.01 1.14 1.40 1.75 6.47 2.76 3.11 3.51 3.96

Features Mean 3.52 3.98 4.76 5.77 5.96 6.27 6.80 7.56 7.26
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