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Abstract—Predicting large-scale spatiotemporal data poses1

significant challenges for traditional machine learning methods,2

particularly in high-performance and edge-based computing3

environments. Graph neural networks (GNNs) have emerged4

as powerful tools for modeling structured data, while reservoir5

computing (RC) offers efficient and state-of-the-art solutions for6

predicting low-rank dynamical systems. In this work, we propose7

a novel approach that integrates the global structured modeling8

capabilities of GNNs with the efficient training and predictive9

strengths of RC. By combining local random connectivity with10

global domain-informed structure, the proposed graph reservoir11

networks leverage both random and model-based information12

to accurately predict large-scale spatiotemporal dynamics. Fur-13

thermore, we demonstrate the robustness of these networks to14

neuromorphic hardware constraints, including temporally sparse15

spiking activity, quantized weights, limited fan-in, and local16

learning rules. These results highlight the utility of integrating17

reservoir computing with domain-informed inductive biases,18

paving the way for scalable and efficient solutions to complex19

dynamical systems in diverse applications.20

Index Terms—Reservoir Computing, Spiking Neural Networks,21

Graph Neural Networks, Neuromorphic Computing, Timeseries22

prediction23

I. INTRODUCTION24

Spatiotemporal forecasting is critical for applications re-25

quiring highly accurate predictions of how a system’s state26

evolves across both space and time. Examples include numer-27

ical weather prediction [1], earth system modeling [2], laser28

plasma manufacturing [3], modeling the spread of infectious29

or invasive species [4], and neural population dynamics in30

the brain [5]. These applications often involve complex, high-31

dimensional systems that challenge traditional machine learn-32

ing methods, particularly in scenarios demanding scalability33

and efficiency.34

Approaches to modeling spatiotemporal systems span a35

continuum between model-based (structured) and model-free36

(unstructured) methods, each offering distinct advantages and37

tradeoffs. Model-based methods incorporate domain knowl-38

edge, such as spatial dependencies, temporal lags, or model39

order, into mathematical frameworks that are then fit to40

observed data. In contrast, model-free methods minimize re-41

liance on domain knowledge, instead employing unstructured42

approaches to extract patterns directly from data. Neural43

networks provide a flexible framework for integrating domain44

knowledge into their architecture, enabling inductive biases45

such as spatial invariance (e.g., convolutional neural networks)46

or causal temporal processing (e.g., recurrent neural networks47

or transformers), while allowing data-driven feature extraction 48

which follow these inductive biases. 49

While inductive biases have proven effective in many 50

domains, their utility in time series prediction, particularly 51

for chaotic systems, has been limited. This limitation arises 52

primarily from challenges in credit assignment for chaotic 53

dynamics, where the relationship between inputs and outputs 54

is highly nonlinear and sensitive to initial conditions. Reservoir 55

computing (RC), a model-free approach, has demonstrated 56

significant success in reconstructing chaotic dynamics [6]. RC 57

employs a high-dimensional nonlinear embedding combined 58

with a linear readout to approximate system behavior from 59

observed data. However, RC faces scalability challenges for 60

large systems, as the reservoir size must grow quadratically 61

with the input space to ensure sufficient embedding capacity 62

[7]. Additionally, the random connectivity within reservoirs 63

often mixes unrelated variables, reducing predictive accuracy 64

for structured data [8]. 65

Recent research has explored modifications to RC that 66

incorporate minimal domain knowledge to improve scalability 67

and predictive accuracy for large-scale systems, such as those 68

governed by partial differential equations [9]. For exam- 69

ple, spatially embedded reservoirs have demonstrated reduced 70

training time and improved performance by leveraging mul- 71

tiple spatially dependent reservoirs [10]. Similarly, spatially 72

dependent reservoir connectivity has shown promise for tasks 73

such as climate data prediction [11] and image classification 74

[12], [13]. These approaches suggest that integrating structured 75

domain knowledge into RC can enhance its scalability and 76

applicability to complex systems. 77

Spiking neural network (SNN) equivalents of RC, known 78

as liquid state machines (LSMs), address some of these 79

limitations by combining random local connectivity with spik- 80

ing communication and local training rules. LSMs replicate 81

key features of biological neural systems, such as balanced 82

excitation-inhibition, multitasking, and efficient training [12]– 83

[14]. Their asynchronous spiking activity enables rich tem- 84

poral dynamics that can be reused across multiple tasks, 85

drawing parallels to the granular neurons of mammalian cortex 86

[15] and the supervised learning supported by feedback to 87

pyramidal neurons [16]. Furthermore, the spiking activity and 88

local learning rules of LSMs makes them suitable candidates 89

for deployment on emerging neuromorphic hardware. 90

In this work, we investigate how reservoir computing can 91

be combined with domain-informed topological constraints 92

to improve the performance of collections of reservoirs for 93
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structured data. Specifically, we explore the integration of RC94

with graph neural networks (GNNs) to incorporate arbitrary95

domain-driven inductive biases, in the form of task-constrained96

graph.. By introducing graph reservoir computers (GRC), we97

demonstrate that combining RC with graph-based constraints98

improves predictive accuracy and scalability for structured99

spatiotemporal systems. We also show that spiking graph100

reservoir computers (SGRC) achieve comparable performance101

to GRC while leveraging spiking activity and globally sparse102

structured connectivity. Collectively, these results demonstrate103

that graph reservoirs combine the predictive capabilities on104

chaotic systems of unstructured reservoirs, while enabling ef-105

ficient scaling, incorporation of domain-informed knowledge,106

and efficient deployment to hardware through locally random107

but globally structured and sparse communication.108

II. METHODS109

We express both our tasks and networks in the form of a110

general graph network, such that nodes are dynamical systems111

which follow internal dynamics and are coupled to inputs and112

other nodes through edges. This general form can be expressed113

as:114

x
(k,i)
t+1 = γ(k,i)

x
(k,i)
t ,

⊕
jϵN(i)

ϕ(k,i)
(
x
(k−1,i)
t , x

(k−1,j)
t , e(j,i)

) ,

(1)
where i is the node index, k is the layer index, and eji is115

the directed edge weight. ϕ(k) is a general function which116

translates the activity of nodes from the previous layer to117

an input to the activation function γ. The
⊕

symbol is an118

aggregation term, which can be either summation or averaging.119

This equation therefore implements node updates as a function120

of a node dynamic (γ) which is a function of the previous121

state (x(k,i)
t ) and transformations of inputs. For brevity in later122

sections, we refer to the network update dynamics in terms of123

previous state and net transformed input:124

x
(k,i)
t+1 = γ

(
x
(k,i)
t , I

(k,i)
t

)
. (2)

A. Tasks125

We chose three exemplar tasks that include complex dy-126

namics within nodes, and incorporate inter-node coupling.127

The tasks are chosen in order to test capabilities on: 1) an128

arbitrary graph ode with ODE-like nodes; 2) a topologically129

constrained chaotic system; and, 3) a topologically constrained130

task which requires interactions of latent variables (see Table I131

and Figure 1). All tasks were generated with the simple132

forward Euler method. Following generation, tasks were zero-133

centered and normalized to [−1, 1] on a per-feature basis, and134

re-sampled with linear interpolation such that their calculated135

Lyapunov time constant was 1,000 frames.136

Lorenz-63: We include three variations of the Lorenz-63137

chaotic attractor. The baseline ‘single node’ case, is a standard138

example of a chaotic system for which reservoir computing can139

outperform other approaches [17]. This is a single node with140

three internal variables which follow the standard equations141

TABLE I
SUMMARY OF STRUCTURAL AND DYNAMIC PROPERTIES FOR EACH TASK

IN THIS STUDY.

Task Complexity Structure Latent Variables
Lorenz-63 Medium Random directed Graph No
Lorenz-96 Medium Toroidal, nearest +/- 2 No
2D KS High 2D grid Yes

Fig. 1. Topological graph (left) and example behavior (right) for the three
chosen tasks A. The coupled Lorenz-63 task, where each node follows the
3-variable ODE described in Equation 3, and is connected through a random
graph with an average connectivity of 0.2. The first trajectory plots the first
two spatial dimensions of two connected nodes. The second trajectory plots
the first spatial component of the same two nodes. B. The Lorenz-96 task
in which each node interacts with neighbors ±2 locations on a toroid. The
system is operationalized such that traveling waves of activity can be observed
over time. C. The 2D Kuramoto-Sivashinsky (KS) task where updates at each
location are governed by local gradients.

given in Equation 3, where the input (Ik,it ) is zero. The ‘multi 142

node’ case extends this task by simulating multiple nodes with 143

different initial conditions by the same underlying dynamics. 144

This allows each node to evolve autonomously, while testing 145

a networks’ capability to follow multiple independent trajec- 146

tories. The final case introduces arbitrary numbers of nodes 147

which continue to follow the dynamics outlined above, but 148

allow coupling between nodes. Previous work has investigated 149

the dynamics and characteristics of symmetrically coupled sets 150

of two Lorenz attractors [18], [19]; our work generalizes this 151

approach to asymmetric cases with arbitrary topologies. We 152

specifically investigated a 20-node scenario with a random 153

directed graph with connection probability of 0.2. This case 154

therefore tests the capability of a network to follow multiple 155

trajectories which are sparsely coupled. 156

dx1

dt
= σ(x2 − x1) + Ik,it ,

dx2

dt
= x1(ρ− x3)− x2,

dx3

dt
= x1x2 − βx3.

(3)
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Lorenz 96: Our second exemplar task is the Lorenz 1996157

[20] in which nodes are arranged on a Toroidal graph. Whereas158

the Lorenz-63 case allows arbitrary topologies, the Lorenz-96159

enforces a nonlinear interaction with nodes at ±2 locations,160

governed by Equation 4:161

dxi

dt
= −xi + F + Ik,it ,

Ik,it = (xi+1 − xi−2)xi−1.

(4)

Kuramoto-Sivashinsky: The final exemplar task imple-162

ments a 2-dimensional version of the Kuramoto-Sivashinsky163

[21], where a 2-dimensional Toroidal surface follows the164

dynamics:165

dx

dt
= 0 + Ik,it ,

Ik,it = −1

2
|∇x|2 −∇2x−∇4x.

(5)

While the Lorenz-63 and Lorenz-96 tasks contain an intra-166

node dynamic and inter-node connectivity, the Kuramoto-167

Sivashinsky has no explicit intra-node dynamics and evolves168

solely based on spatial partial derivatives. These derivatives169

however are not directly available from the input space x, and170

therefore represent a latent variable.171

B. Network Dynamics172

We investigated four network types which have been used173

for prediction of spatiotemporal systems: Reservoirs, Liquid174

State Machines, Gated Recurrent Units (GRU), and Nonlinear175

Vector Autoregression (NVAR). While GRUs have been in-176

vestigated in combination with graph neural networks (‘Graph177

Gated Recurrent Units’), reservoir, LSM, and NVAR networks178

have not been systematically combined with graph-like topolo-179

gies, preventing the incorporation of graph-like priors.180

Fig. 2. In a standard reservoir, inputs to the reservoir must all come from
a singular input weight matrix (Wih) and the recurrent weights (Wrec) are
uniformly sparse and random. This results in any structure in the input data
being omitted when communicating the leaky-integrator units that compose
the reservoir.

Figure 2 demonstrates the standard reservoir computing181

approach. For structured data, inputs must be ‘flattened’,182

removing and structure in the inputs, but accommodating183

a single input weight matrix (Wih). Within the reservoir184

multiple ‘units’, for instance leaky-integrators, are connected185

by a sparse and spectrally-normalized random matrix (Whh).186

The input and recurrent weights are randomly initialized187

according to distributions to instantiate desirable properties,188

such as echo-state behavior and high internal dimensionality,189

but do not contain trained parameters or domain information.190

Fig. 3. In the graph reservoir approach, the hidden layer consists of
multiple nodes which lie on a graph, and which each follow internal dynamics
according to the recurrent weights. Input structure can be imposed by a
topologically constrained input from the data to the appropriate reservoir
nodes.

Only the readout matrix (Who) is trained, typically by ridge- 191

regression or iterative least-squares. 192

Figure 3 demonstrates our proposed graph reservoir ap- 193

proach, which preserves domain knowledge in the form of 194

edges between nodes in a task. To accommodate the structured 195

inputs, we replace the single feedforward reservoir with a 196

‘pool’ of multiple reservoirs, each of which contains inter- 197

nal units and connectivity similar to the standard reservoir 198

approach. Each individual reservoir therefore represents a 199

dynamical system which occurs at each node on the task graph, 200

and is projected into a high-dimensional random dynamical 201

system. As with the standard reservoir approach, only the 202

readout weights (Who) are trained. 203

Network dynamics follow the generic form of Equation 1, 204

where the unit dynamics (γ) follow one of the Equations 6 205

through 8. All methods are implemented in PyTorch, and 206

PyTorch Geometric. Unless otherwise stated, all initializations 207

followed their default values in PyTorch [22] and PyTorch 208

Geometric [23]. 209

Network Configurations: In Equation 1, the term ϕ is 210

a weight matrix from one node to another. For a given 211

connection from layer k−1 to k, this weight may be initialized 212

and fit separately for each edge, or it may be convolutional, 213

such that each edge in a given layer is identical. For the 214

tasks discussed above, where the underlying dynamics are 215

known, the use of convolutional edges is an additional form 216

of domain knowledge, and may increase network stability 217

or minimize the number of timesteps required for training 218

[24]. We investigate whether convolutional input, recurrent, 219

and readout weights are beneficial in the context of graph 220

reservoirs. 221

It is also possible to have connections within a single layer 222

of the network (e.g., k to k), as indicated by the within 223

pool edges in Figure 3. These lateral connections allow nodes 224

within a reservoir to provide additional input to each other, 225

following the same graph as the feedforward connections. The 226

presence of lateral connections represents another form of do- 227

main knowledge, where if the observable space is thought to be 228

exhaustive, then lateral connections are not incorporated; for 229

tasks with latent variables (e.g., Equation 5), such connections 230

can be incorporated. 231

Reservoir Dynamics: For reservoir networks, individual 232

units followed leaky-integrator dynamics: 233

x
(k,i)
t+1 = α tanh

(
I
(k,i)
t

)
+ (1− α)x

(k,i)
t , (6)
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where α is the leak-rate (0.15), and Wrec is initialized to234

achieve a desired sparsity (0.2) and then normalized to a given235

spectral radius (1.0) [7]. These initializations are chosen to en-236

sure the echo-state property is conserved. For the experiments237

discussed here we utilize 500 units in reservoir nodes, with238

the exception of baseline reservoirs for which we utilize 500239

units multiplied by the number of nodes in the input.240

Spiking Dynamics: For spiking-based networks, individ-241

ual units followed a simple current-based leaky-integrate and242

fire dynamics, as implemented in Norse [25]:243

τU
duj

dt
= −uj + I

(k,i)
t

τm
dvj
dt

= −vj + U − Zj(t− 1)

Zj(t) = vj(t) > 1

(7)

where U represents the unit-specific current which integrates244

inputs (I), v is the ‘membrane potential’, and Z represents245

the units-specific spiking activity, which is passed to readout246

and lateral connections. Except where stated specifically, the247

current time constant (τU ) was held at 5 simulation timesteps,248

and the membrane time constant (τv) was held at 10 timesteps.249

Additional constraints were imposed on the connectivity of250

spiking reservoirs, to follow separation of excitatory and251

inhibitory units, with 80% of units acting as excitatory units252

and 20% acting as inhibitory units. For spiking networks,253

local recurrent connections (Wrec) were restricted such that254

excitatory unit outgoing weights were non-negative, and in-255

hibitory weights were non-positive, but followed the same256

overall (20% non-zero) sparsity, and normalized to a spectral257

radius of 1.0. Consistent with physiological evidence for inter-258

column connectivity [26], only excitatory units were engaged259

with inputs, outputs, or lateral connections between reservoirs.260

Note that we refer to networks following these dynamics as261

spiking reservoirs, rather than ‘liquid state machines’ as we262

follow general echo-state network initializations rather than263

more biologically inspired dynamics [27].264

Nonlinear Vector Autoregression: Nonlinear vector au-265

toregressive (NVAR) networks replace the random connectiv-266

ity matrices of reservoir networks with an explicitly defined267

nonlinear combination of predictor variables [24]. Such net-268

works have been shown to benefit from inductive biases by269

decreasing the number of training steps required to reach the270

same performance as independent or single large nodes [28].271

By creating a lagged vector of input histories and element-wise272

multiplication of the resulting vectors, the networks are able to273

extract interactions and delays of variables, while avoiding the274

explicit temporal evolution of reservoir networks. The lagged275

vector and resultant multiplication vector can be written as276

X(t) = [x(t), x(t− 1), ...x(t− n)],

Z(t) = [x(t), X(t)⊗X(t)],
(8)

where ⊗ indicates the outer product of the lagged input vector.277

While these networks can show performance on par with echo-278

state configurations, they require an explicit knowledge of the279

relevant temporal lag and degree of nonlinear interactions. We280

utilized lags of up to 5 timesteps and second order interactions 281

for this study’s experiments. An additional notable example 282

of limitations in NVAR networks is that latent interactions 283

between spatial locations can not be modeled. Interactions 284

in the input space (x) can be modeled by expanding the 285

vector X(t) at each spatial location to include connected input 286

nodes (Figure 3). However there is no analog of the lateral 287

connections between reservoirs in Figure 3. Additionally, as 288

the size of Z will vary with the number of adjacent nodes 289

in input space, each readout must be trained separately unless 290

each node of the data graph has the exact same number of 291

edges. 292

Gated Recurrent Unit: As a final comparison, we eval- 293

uate on Graph Gated Recurrent Units (GGRU), which utilize 294

graph connectivity along with more standard backpropagation 295

training. These networks follow the GRU equations: 296

rt = σ(Wirxt +Whrht−1 + br),

zt = σ(Wizxt +Whzht−1 + bz),

n̂t = ϕ (Winxt + rt ⊙ (Whnht−1 + bh)) ,

ht = (1− zt)⊙ nt + zt ⊙ ht−1,

(9)

where matrix-vector multiplications are replaced with graph 297

convolutions [29]. 298

C. Training 299

Reservoir-Based Networks: During training, a 500 300

timestep burn in period was provided, followed by a 1,000 301

timestep fitting period. During the fitting period the activity 302

of reservoir units was recorded, and ridge regression (α = 303

1 × 10−6) was applied to fit unit activity to target outputs. 304

Autoregressive prediction then took place for 5,000 timesteps. 305

GRU-Based Networks: For the graph-GRU, readout from 306

the GRU layers was performed with a single convolutional 307

layer (graph convolution), using backpropagation through time 308

on 2,000 timesteps. Loss was defined as the mean-square error 309

on a time-step basis, and network weights were updated with 310

the Adam [30] optimizer. Networks were trained for 1000 311

epochs, and evaluated on a separate validation dataset. 312

D. Metrics 313

For all combinations of network configuration and task, re- 314

sults are reported as the average of 10 independently initialized 315

and trained networks. The primary metric of performance is 316

mean square error (MSE), which is directly optimized for both 317

reservoir and ANN-based networks. All tasks are normalized 318

to [-1,1] on a per-feature basis, making all reported values 319

equivalent to normalized root mean square error (NMRSE). 320

In addition to MSE, we examine the minimum state distance 321

(MSD) as a complementary metric to evaluate how well a 322

trained network approximates the underlying dynamics of a 323

system. For a given timestep prediction, MSD is defined as the 324

minimum Euclidean distance between the predicted state and 325

any observation in the training dataset. While MSE measures 326

the accuracy of a network’s predictions at specific points in 327

time, MSD captures how closely the network adheres to the 328
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general dynamics of the system, even for chaotic systems329

where exact trajectory prediction is inherently challenging.330

Using MSD, we define a derived metric called Time to Di-331

vergence (TD), which quantifies the number of timesteps until332

a network produces a prediction with a state distance greater333

than an arbitrary threshold, set to 0.1 in our experiments.334

TD provides an estimate of how long a network can produce335

valid state predictions before deviating significantly from the336

underlying dynamics. For example, a network that learns the337

attractors of the Lorenz-63 system but fails to match the true338

trajectory may exhibit high MSE due to lobe-switching errors,339

while maintaining low MSD and high TD, indicating that the340

network has captured the system’s general structure.341

While MSE is a widely used metric in machine learn-342

ing literature, its limitations for chaotic systems are well-343

documented. The chaotic nature of the tasks studied here344

often results in high MSE values, even when the network345

successfully learns the underlying dynamics. In contrast, MSD346

remains stable over the prediction period, allowing TD to347

reach arbitrarily high values, which indicates that the network348

has learned the system’s dynamics, even if trajectory-specific349

errors persist.350

The distinction between these metrics has important real-351

world implications. MSE is a strong indicator of the accuracy352

and trustworthiness of a prediction, making it suitable for353

applications requiring precise state estimation. MSD and TD,354

on the other hand, are better suited for evaluating how well355

a model captures physical constraints and general system356

behavior, which is critical for applications such as digital twins357

or simulations of chaotic systems [31].358

III. RESULTS & DISCUSSION359

A. Performance360

Network performance, as measured by mean squared error361

is summarized in Table III-A across all tasks.362

Baselines: The standard reservoir results show that a363

single large reservoir is unable to capture the dynamics364

of either the multiple independent Lorenz-63 nodes or the365

coupled Lorenz-63 system. However, assigning multiple in-366

dependent reservoirs to each independent node in the multi-367

Lorenz produces an MSE in line with expectations, while368

being unable to capture the dynamics of the coupled system.369

These results, while unsurprising, demonstrate that a set of370

uncoupled reservoirs is unable to match the dynamics of371

a coupled system, and require some information from the372

topologically connected nodes. The GGRU approach however373

is able to match all four tasks with an MSE less than 1,374

indicating that the domain informed neural network approach375

outperforms naive reservoirs, even when the dynamics of a376

single node are traditionally better performed by RC than377

ANN approaches. NVAR performed in general slightly better378

than standard reservoir approaches, but the quadratic growth379

in memory as a function of input variables prevented fitting380

for the high dimensional KS task.381

Graph Reservoirs: Across the four tasks, graph reser- 382

voir approaches perform better than, or as well as, baseline 383

approaches. In all cases convolutional approaches outperform 384

linearly independent configurations (e.g., ‘linear’ versus ‘con- 385

volutional’). The introduction of lateral connections between 386

reservoir nodes only improved performance in the Kuramoto- 387

Sivashinsky task. This can be explained by the presence of 388

the spatial derivatives in Equation 5, which are not present in 389

the observable space, but can be extracted in the interactions 390

within reservoirs. Spiking graph reservoirs had similar perfor- 391

mance to the equivalently structured graph reservoirs across 392

all tasks. 393

Time to Divergence: Table III-A summarizes time to 394

divergence across all configurations. While the overall trends 395

of the MSE results hold here, it is notable that for many 396

of the graph-based approaches, the networks did not diverge 397

from a valid state prediction within the 5000 timesteps (5 398

Lyapunov time constant) prediction period. This suggests that 399

the domain-informed topology is able to counteract erroneous 400

interactions which may otherwise lead to learning incorrect 401

dynamics. 402

B. Scaling and Computational Efficiency 403

Beyond numerical accuracy, the graph reservoirs presented 404

here have the potential to enable efficient scaling to large 405

datasets, due to their combination of relatively dense and 406

random local connectivity with globally sparse and domain 407

informed topology. Additionally, the spiking graph reservoirs 408

utilize local membrane potentials within individual units, 409

while communicating within-and-between nodes by tempo- 410

rally sparse spiking activity, making them potential candidates 411

for deployment to neuromorphic hardware, with additional 412

modifications outlined below. Experiments presented below 413

discuss run-time and memory constraints for spiking graph 414

reservoirs, as evaluated on a single single NVIDIA A100 415

40-GB GPU. Reported results are performed only on the 416

randomly coupled Lorenz-63 system, due to the ability to 417

independently modulate node connectivity and number of 418

nodes, while the other two systems have a fixed connectivity 419

structure. 420

Run Time: Standard reservoirs increase approximately 421

quadratically in the number of hidden units required to support 422

an increase in input dimensionality. Similarly, graph-based 423

RNNs increase approximately O(n log n) in the number of 424

hidden states, while growing quadratically in training time as 425

a function of number of timesteps. In contrast, the number 426

of units required per node for GRC is constant for a given 427

node dimensionality, while the number of nodes increases 428

directly with the size of the task graph. Both run-time and 429

memory increase quadratically as a function the number of 430

units, but linearly with the number of nodes (Figure 4). It is 431

therefore desirable to have more nodes of smaller size than 432

to have a single large reservoir. It is also worth noting that in 433

our PyTorch-based framework, nodes are processed serially, 434

while SNN-specific simulators [32] or neuromorphic hardware 435

[33] process discrete neural populations in parallel, and could 436
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TABLE II
PERFORMANCE ACROSS ALL TASKS AND NETWORK CONFIGURATIONS, AS MEASURED BY MEAN SQUARED ERROR DURING THE PREDICTION PERIOD.

BEST PERFORMING NETWORKS, MEASURED BY MSE, AND HIGHLIGHTED IN YELLOW. NETWORKS WITH MSE OUTSIDE OF THE UNIT CIRCLE ARE
INDICATED ONLY WITH MSE >1. N/A INDICATES THAT THE NETWORK WAS UNABLE TO RUN, DUE TO PROHIBITIVE MEMORY REQUIREMENTS.

Network Type Configuration Multi-Lorenz63 Coupled Lorenz63 Lorenz96 KS
Single >1 >1 0.24 >1Standard Reservoir Multi-Reservoir 0.35 >1 0.04 >1
Single 0.73 >1 0.22 N/ANVAR Multi-NVAR 0.33 0.27 0.06 >1

Graph NN GRU 0.39 0.65 0.32 0.83
Linear 0.35 0.32 0.06 >1

Linear + Lateral 0.42 0.7 0.20 >1
Convolutional 0.31 0.25 0.05 0.73Graph Reservoir

Convolutional + Lateral 0.42 0.46 0.13 0.59
Linear 0.37 0.31 0.06 >1

Linear + Lateral 0.43 0.75 0.23 >1
Convolutional 0.37 0.26 0.06 0.81Spiking Graph Reservoir

Convolutional + Lateral 0.43 0.49 0.17 0.64

TABLE III
PERFORMANCE ACROSS ALL TASKS AND NETWORK CONFIGURATIONS, AS MEASURED BY TIME TO DIVERGENCE. ASTERISKS INDICATE THAT THE

PREDICTION DID NOT DEVIATE FROM A GROUND-TRUTH STATE WITHIN 5,000 TIMESTEPS.

Network Type Configuration Multi-Lorenz63 Coupled Lorenz63 Lorenz96 KS
Single 703 10 1047 3Standard Reservoir Multi-Reservoir * 93 * 209
Single 209 104 1526 N/ANVAR Multi-NVAR * * 2032 17

Graph NN GRU * * * *
Linear * 3297 * 942

Linear + Lateral * 2260 * 27
Convolutional * * * 3874Graph Reservoir

Convolutional + Lateral * * * *
Linear * 2926 * 602

Linear + Lateral * 1962 * 32
Convolutional * * * *Spiking Graph Reservoir

Convolutional + Lateral * * * *

therefore run in constant time as a function of number of437

nodes.438

Quantization: Increasingly, the size of machine learning439

models, along with their robustness to quantization compared440

to traditional numerical approaches, has resulted in the devel-441

opment of HPC and edge-based accelerators which utilize low-442

precision in-memory computing rather than floating point op-443

erations. This includes neuromorphic platforms such as Loihi2444

[34], which operates on 8-bit weights while communicating445

in either binary or graded spikes. While reservoir computers446

utilize on a distributed neural population similar to many deep447

learning models, they also maintain a real-valued membrane448

potential which represents nonlinear mixing of input variables449

across various lags, and may therefore be more sensitive450

to numerical precision. To asses this, we implemented both451

GRC and SGRC using 8-bit weights, sub-threshold potentials,452

and 8-bit activations (1-bit for SGRC). For GRC, we found453

that across network configurations, mean-square error on the454

Coupled Lorenz-63 task was within 10% of the values (Table455

III-A). For SGRC, the difference was smaller, with all MSE456

within 3% of the floating-point performance.457

Excitation-Inhibition Balance: SNN and neuromorphic458

platforms often utilize an event-driven communication frame-459

Fig. 4. Run-time (top) and memory (bottom) as a function of the number
of nodes (left) and number of hidden units per node in a spiking reservoir
as described in section II.B. Both run-time and memory increase linearly as
a function of the number of nodes, and quadratically as a function of the
number of units per node.
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work between populations of neurons [35], rather than dense460

tensor communication. As a result, such platforms are most461

efficient when the number of connections between neural462

populations, and the number of events between populations,463

can be minimized [36]. The SGRC firing rate, with 20%464

inhibitory neurons as described in the methods, results in a465

mean-firing probability of 0.17, indicating that approximately466

one-fifth of neurons fire on a given timestep, which is signif-467

icantly higher than the approximately 5% activity of liquid-468

state networks [14]. However, we observed that when nodes469

in our graph approach were configured with LSM lateral470

connections the resulting spiking patterns were irregular and471

resulted in poor performance. To mitigate the communication472

bottleneck associated with high inter-node transmission, we473

varied the percentage of inhibitory neurons from 20% to474

80%, and observed a negative relationship between inhibitory475

population size and overall firing rate (evaluated by OLS,476

β = −0.183 change in mean firing probability per fraction477

inhibitory, p<0.001), while mean-square error was within 10%478

of baseline for inhibitory populations up to 50%, correspond-479

ing to a mean firing probability of 11.5%. This demonstrates480

that E-I balance can be tuned to reach an appropriate balance481

of accuracy and inter-node communication.482

Fan-In & Fan-Out: Similar to the overall rate of inter-483

node spikes, the number of units involved in inter-node lateral484

connections can increase the communication overhead of485

event-based networks. While the SGRC maintains consistent486

within-node connectivity, inter-node connectivity is controlled487

by the average number of units involved in internode connec-488

tivity and the number of edges per node. To test performance489

under constrained connectivity, we evaluated the SGRC with490

linear and convolutional lateral connections constrained to a491

randomly selected set of units in 100-unit increments. For492

linear lateral connections performance was MSE was less493

than 10% higher for 2000 or more units, and convolutional494

connections showed similar performance for as few as 800495

units.496

Local Online Learning: Ridge regression relies on a large497

buffer of activity histories and is access to linear general498

linear algebra solvers, making it incompatible with a online499

learning in neuromorphic hardware. Other iterative learning500

rules, such as recursive least squares (RLS), rely only on501

instantaneous activity of reservoirs units and target outputs,502

and have been demonstrated in both continuous [17] and503

spiking [14] approaches. We tested both GRC and SGRC504

configurations with RLS, and found no systematic differences505

in MSE compared to ridge-regression.506

IV. CONCLUSIONS507

This work demonstrates that domain-informed structure508

can be combined with the random computation of reservoir509

computers to enable long-term, realistic prediction of highly510

complex spatiotemporal data. Furthermore, while these net-511

works eventually diverge from ground-truth trajectories, the512

incorrect predictions still lie near a valid prediction, suggesting513

that their mode of failure is more realistic than a single514

large reservoir. The results however indicate that there is no 515

single configuration of task-informed structure which results 516

in the best performance, and that instead networks must be 517

designed to incorporate inductive biases which are appropriate 518

for the task. Overall however, the graph reservoir approach 519

has the potential to combine long-term prediction capabilities 520

of reservoirs to outperform alternative graph recurrent neural 521

network approaches. 522

While the current results are promising, they are currently 523

limited to static graphs which are defined a-priori. Standard 524

graph neural networks, such as the GGRU, support automated 525

methods for determining the underlying graph, but which 526

rely on learning through backpropagation, and are therefore 527

incompatible with the graph reservoir approaches used here. 528

Future work may investigate how automated edge discovery 529

can be implemented in graph reservoirs, for instance through 530

evolutionary approaches [37], enabled by the fast training 531

periods for GRC compared to GGRUs. 532

The numerical accuracy, robustness to hardware constraints, 533

and scaling properties of spiking graph reservoirs indicate 534

that they may be ideal candidates for solving large systems 535

of graph-like data, such as spatially-embedded PDEs [9], 536

climate data [38], or biological simulations [39], [40] in both 537

neuromorphic hardware and HPC. 538
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