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Abstract001

Many biological time-series datasets (e.g. neural002

recordings and physiological signals) have missing003

segments due to sensor dropouts or noise, which004

leads to a need for a robust imputation method005

that also quantifies confidence. We propose an ar-006

chitecture using reservoir computing (Echo State007

Networks and Liquid State Machines) in series with008

an Energy-Based Model (EBM) to perform the im-009

putation. An EBM models the underlying data010

distribution by assigning a scalar energy to possible011

outputs, with a low energy for plausible imputations012

and high energy for implausible ones. Therefore,013

the energy serves as a heuristic for uncertainty of014

the prediction, meaning unreliable imputations may015

be detected by their higher energy. To capture the016

complex temporal dynamics of biological data, we017

embed inputs into a high-dimensional state space018

using reservoir computing, either using Echo State019

Networks (ESNs) or Liquid State Machines (LSMs).020

ESNs have fixed random recurrent weights, and021

LSMs have spiking neurons. Both these reservoirs022

expand and filter the input sequences into rich non-023

linear features, simplifying the imputation task for024

the EBM. The output of the reservoir is passed into025

the EBM using two different methods. Either raw026

signals from the reservoir are used as inputs or we027

perform a dimensionality reduction of the reservoir028

states, via principal component analysis (PCA), to029

identify low-dimensional manifolds of temporal pat-030

terns, which can denoise the reservoir representation031

to create a cleaner signal for the EBM. Preliminary032

results on ECG signals show that using an LSM as033

the reservoir or the lower dimensional manifold of034

an ESN produces the best features for the EBM to035

do signal imputation.036

1 Introduction037

Time-series data often contain missing values due to038

failures in data capture or noise. Imputing missing039

observations is thus a necessary task needed for the040

analysis of time series data downstream. However,041

it is important that we understand how reliable042

the reconstruction is given the absence of a ground043

truth. As such, models which quantify uncertainty044

in their outputs are advantageous. For example,045

in the case of physiological timeseries, a predicted046

segment of an electrocardiogram (ECG) time-series 047

that the model finds unreliable should be treated 048

with caution in analysis or omitted, which becomes 049

especially important in clinical settings. Currently it 050

is a serious limitation that conventional imputation 051

methods lack the ability to quantify uncertainty. 052

One class of models which are able to report 053

their uncertainty are Energy-Based Models (EBMs), 054

which learn a scalar energy function over inputs 055

and outputs [1-4]. EBMs are given an observed 056

context x and a completion y, the energy E(x,y) 057

quantifies the compatibility of the input and output, 058

and the inference selects low-energy completions. In- 059

compatible pairings will be given a high energy, and 060

more compatible pairs will have a lower energy score. 061

Therefore, we can utilise the energy score as a risk 062

indicator, as shown in [1–4]. If the lowest energy 063

for a completion still remains high, this means that 064

even the best imputation is implausible and there- 065

fore has a high uncertainty, which is particularly 066

important for biological time series data, where high 067

uncertainty should not be accepted. When consid- 068

ering how time series data is collected, there are 069

numerous examples collected from edge sensors at 070

high frequencies, making their processing computa- 071

tionally expensive. Reservoir computing (RC) has 072

presented itself as a framework which has shown the 073

ability to model complex time series with short train- 074

ing times on low power edge devices. To do this, RC 075

utilises a fixed, large recurrent network to produce 076

a high-dimensional state trajectory. The reservoir 077

therefore suppresses noise from the input signal and 078

acts as a filter that makes downstream prediction 079

more linear and tractable [5,6]. A common form of 080

reservoir computing model are echo state networks, 081

which have a continuous activation (e.g., tanh) and 082

produce smooth trajectories in their state space 083

with fading memory [7-9]. Another commonly used 084

reservoir model is the liquid state machine, which 085

uses spiking neurons (e.g., leaky integrate-and-fire), 086

which yield space event-driven “liquid” dynamics 087

that are energy-efficient and provide neurophysio- 088

logically plausible learning [10-12]. Both cases of 089

reservoirs transform the low-dimensional signal into 090

a rich state sequence, making data linearly separable 091

allowing linear readout models to be trained quickly 092

over this state sequence. 093

Our innovation is therefore to combine EBMs 094

with reservoir computing for efficient imputation of 095
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a time series, while providing an uncertainty over096

this prediction. Functionally, EBMs deduce energy097

scores from an energy landscape. This energy land-098

scape requires useful features that encode the his-099

tory of the signal to shape it. A fixed ESN/LSM100

encodes the history of the time-series data into a101

state trajectory, reflecting long-range and nonlinear102

structure. This can then be passed into the EBM, to103

evaluate whether a possible gap imputation is com-104

patible with the reservoir dynamics. The separation105

of tasks means that there is no costly backpropa-106

gation through time (BPTT) through the reservoir,107

and training is only done contrastively in the energy108

readout head. Furthermore, due to the lightweight109

nature of the readout, the efficiency of inference is110

improved. Additionally, the EBM provides built-111

in uncertainty without further calculation required,112

since the energy rises when a completion seems im-113

plausible with reservoir dynamics [1–6]. One impor-114

tant question however lies in the choice of reservoir115

to produce suitable dynamics for the EBM, which116

tends to perform better with data that is smooth117

and Gaussian [7 -9]. In neuroscience and BCI data118

analysis, neuron population activity is often pro-119

jected to low-dimensional manifolds, which reveal120

dominant latent structure and reduce noise [13 -15].121

In this study, we apply the same perspective, as al-122

though raw ESN/LSM states are high-dimensional,123

providing more data, applying a PCA to these state124

trajectories can expose a denoised reservoir manifold125

that may improve generalisation and interpretability126

of the time-series by the EBM. We use these two127

types of reservoirs and these varied activity represen-128

tations to perform time series imputation at a range129

of gap lengths, on real ECG recordings centered130

around the spike to determine the best reservoir131

representation for this use case. We additionally132

compare our method against linear interpolation133

and a second order autoregressive model or AR(2).134

2 Methods135

2.1 Datasets and Windowing136

We evaluate our models on a singlelead ECG seg-137

ments drawn from PhysioNet records. We use the138

Normal Sinus Rhythm Database (NSRDB) records139

16265, 16272, 16273, and 16420; resampled to 100140

Hz and only the first channel is kept.141

We then form fixedlength windows of W = 256142

samples with stride S = 128, i.e., 50% overlap.143

For training the EBM, we compute datasetwide144

train/validation/test splits in window space with145

70/15/15% ratios, respectively146

We mask contiguous gaps of length L ∈147

{10, 20, 50} samples (i.e., 0.10 s, 0.20 s, 0.50 s at148

100 Hz). For ECG, gaps are centered over an Rpeak149

detected per window. This ensures that our imputa-150

tion occurs solely over the QRS portion of the ECG 151

trace. 152

We keep the unmasked values as ground truth and 153

set the masked segment to zero (the downstream 154

pipeline never sees unmasked ground truth). 155

2.2 Baselines 156

We compare the EBM head to two classical imputers 157

applied only within the gap: 158

Linear interpolation. For each channel, we linearly 159

interpolate between the gap endpoints if at least two 160

observed samples exist. 161

AR(2). A secondorder autoregressive model is fit 162

by ridgeregularized least squares (ridge = 1e3) on 163

the linearly prefilled window. Predictions are rolled 164

forward inside each contiguous gap. 165

2.3 Standardized Reservoir Graph 166

To eliminate topology as a confounder, all reservoir 167

variants (ESNs and LSMs) share a single, standard- 168

ized adjacency and input map. This contains 256 169

reservoir units with connection probability = 0.10. 170

2.4 Echo State Networks (ESNs) 171

We scale the base weight matrix to spectral radius 172

0.9 and use leaky-integrator dynamics, no bias, and 173

nonlinearities tanh or softsign. Reservoir states (256- 174

dim) are used either raw or PCA-projected, with 175

PCA fitted offline to retain at least 90% variance 176

(min 8 components). 177

2.5 Liquid State Machines (LSMs) 178

Using the ESN topology, we implement a discrete- 179

time LIF network with 80% excitatory / 20% in- 180

hibitory neurons, weights rescaled to 0.7. Param- 181

eters: τm = 20, threshold = 1.0, refractory = 2, 182

τsyn = 5. Inputs are encoded as 8 level-crossing 183

spike channels. Outputs include binary spikes or 184

smoothed rates (low-pass filtered). 185

2.6 Phase Aware Augmentation 186

For each window, we augment reservoir features 187

with Hilbert transform features of the input: ampli- 188

tude and two phase channels (cos ϕ, sin ϕ). These 189

three channels are standardized per sequence and 190

concatenated to the reservoir states; all models use 191

this augmentation. 192

2.7 Feature Normalization 193

Before training the EBM, we compute zstatistics 194

over the entire training set: 195

• For inputs YYY (the raw 1-D signal): (µY , σY ). 196
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• For features HHH (reservoir ± Hilbert): (µH , σH).197

We standardize all sequences to zero mean /198

unit variance with small floors to avoid division199

by nearzero standard deviations; the same statistics200

are used for validation/test windows.201

2.8 Energy Based Head (EBM) and202

Losses203

The EBM is a low-order state-space predictor over204

reservoir features and the scalar sequence. It main-205

tains a latent state updated with κ = 0.3, with206

dynamics parameterized by a stable diagonal plus207

a low-rank correction (rank 4). Input and emission208

matrices are dense, and all states/predictions are209

clamped to ±8. The per-sequence energy combines210

prediction error and state consistency, with learned211

scales and γstate = 1/F , capped for stability.212

We pre-fit the emission and transition matrices213

with ridge regression and SVD initialization, then214

stabilize each step by clipping spectral radius, norms,215

and log-scale parameters. The training objective216

combines (i) contrastive energy with margin 2.0, (ii)217

decoder MSE, (iii) short-horizon teacher forcing (1–3218

steps), and (iv) small L2 penalties. Loss weights are219

0.4 for decoder and 0.4 for teacher forcing, added to220

the contrastive term. Models are trained with Adam221

(lr 3e-4, weight decay 1e-5) for 8 epochs, batch size222

64, selecting by lowest validation loss.223

2.9 Imputation Procedure224

For our timeseries, we standardize the series, com-225

pute forward and backward reservoir features, and226

roll out the EBM head from both directions. Predic-227

tions are blended with a triangular weight schedule228

peaking at the gap center, with (βmin, βmax) tuned229

per dataset. The final fill is the blended output,230

de-standardized to the original scale.231

2.10 Architectures Evaluated232

We study six reservoirs with different underlying233

dynamics feeding the same EBM head:234

Table 1. The types of reservoirs evaluated in this study.

Variant Details

ESN-tanh-raw 256 units, ρ = 0.9, τm = 20, raw states
ESN-tanh-pca Same as above, with PCA to ≥ 90%

variance, ≥ 8 PCs
ESN-softsign-raw Same as ESN-tanh-raw, but with

softsign activation
ESN-softsign-pca Same as ESN-softsign-raw, with PCA
LSM-spikes LIF spikes into EBM; level-crossing with

K = 4
LSM-rates Low-pass rates into EBM; τsyn = 5

Table 1: The types of reservoirs evaluated in this235

study.236

All six share the same connectivity matrix and 237

differ only in neuron model / state postprocessing. 238

All models were trained on an 11th Gen Intel(R) 239

Core(TM) i7-1185G7 at 3.00GHz. 240

2.11 Statistical Analysis 241

We compute pairwise statistical comparisons be- 242

tween models using standardized mean differences 243

(dz) and Cliff’s delta as effect size measures. Raw 244

p-values were obtained through non-parametric tests 245

and subsequently adjusted using Holm’s correction 246

to control for multiple comparisons. Statistical sig- 247

nificance is indicated with asterisks: p<0.05 (*), 248

p<0.01 (**), p<0.001 (***). 249

3 Results 250

3.1 Reservoir states and PCA mani- 251

folds 252

First we look at the reservoir activity for each of the 253

ESNs and the lower dimensional manifolds that are 254

created form these. 255

3.1.1 LSM 256

Fgure 1: The above shows the binary spiking of each 257

neuron converted into a trace from the LSM where 258

we fed the raw activity into the EBM. The top right 259

shows this activity after a PCA has been applied. 260

The bottom row of the plot shows the reservoir 261

activity converted into rates using an exponential 262

filter . The bottom right row of the plot shows these 263

rates after a PCA have been applied. 264

3.1.2 ESN 265
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Figure 2: Above shows the ESN reservoir trace266

and PCA manifold for the ESN with a softsign267

activation function and below shows the trace and268

PCA manifold for the ESN with the tanh function.269

We can see from Figure 1 that the internal states270

of the reservoir are able to model the signal wave-271

form to some degree, with the raw activity modelling272

the QRS complex slightly better, shown by the de-273

pression in the wave before the peak, followed by274

another depression. The PCA manifold shows an275

interesting recurrent pattern, spanning the first 3276

principle components showing a similar pattern of277

a spike through time. The LSM spike turned rates278

trace shows a similar pattern, and when the PCA is279

performed, the manifold is expanded, and follows a280

more circular recurrent pattern. Figure 2 gives us a281

different picture, as both ESN type form trajectories282

that quickly diverge from their start. The pattern of283

the trajectories shows considerable modulation, but284

the diversity in the neuronal activity (as with the285

LSM) is low, with all of the neurons following the286

either the positive or negative trajectory. The PCA287

manifolds of these spaces thus show an interesting288

pattern which does not show much recurrency, with289

this low dimensional trajectory spanning different290

parts of the 3D manifold but with no discernible291

structure. This however only shows the first 3 prin-292

cipal components for graphical representation.293

3.2 Signal Imputation294

Figure 3: Characteristic examples of ECG recon-295

struction from the best and worst performing models.296

On the top left, we have the output from the LSM297

spike EBM model, the top right is an example from298

the LSM rates model. The bottom left is the soft-299

sign PCA model (worst performing) and the bottom300

right is the Tanh PCA EBM model.301

An interesting observation is that with almost302

all models and gap sizes successful modelling of303

spikes always appeared after at least 2 ECG spikes304

in the trace (successful ECG modelling came on305

spike 3) while our early and valley spikes consistently306

appeared on spike number 2, while the first spike was307

never modelled correctly. This indicates that the308

EBM potentially had insufficient data to be able to309

model the incoming data, but even after one spike, it310

was able to ‘know’ that it needed to produce a spike311

and after 2 spike samples it was generally able to312

produce the spike within the right time frame albeit 313

with lower amplitude. These can be found it he 314

Appendix. This speaks to the recurrent and fading 315

memory nature of the reservoir – more samples into 316

the reservoir creates more consistent patterns that 317

the EBM can use. We hypothesise that with more 318

samples, these reservoir EBMs would be able to more 319

accurately model this. The ESN softsign raw did 320

show this pattern but and reproduced spikes were 321

generally much less pronounced than with the LSM 322

models and ESN tanh.In general, the amplitude of 323

the reconstructed signal was greater when the EBM 324

was using the PCA trajectory over the raw states, 325

which is suitable in this particular usecase. This 326

indicates the PCA removed noise which contributed 327

to better reconstruction. 328

3.3 EBM Model Comparison 329

gap A B N p raw dz cliffs delta p holm sig

10 lsm rates tanh pca 235 9.03e-38 -1.14 -0.246 1.36e-36 ***
10 lsm rates softsign pca 235 6.14e-36 -0.865 -0.185 8.6e-35 ***
10 lsm spikes tanh pca 235 2.93e-35 -1.02 -0.209 3.81e-34 ***
10 lsm spikes softsign pca 235 1.66e-34 -0.768 -0.142 1.99e-33 ***
10 lsm rates tanh raw 235 1.12e-13 -0.426 -0.107 1.23e-12 ***
10 lsm rates lsm spikes 235 3.34e-13 -0.236 -0.0512 3.34e-12 ***
10 softsign pca tanh pca 235 3.15e-09 -0.43 -0.0732 2.83e-08 ***
10 lsm rates softsign raw 235 6.82e-09 -0.371 -0.068 5.46e-08 ***
10 softsign raw tanh raw 235 8.96e-09 -0.453 -0.0467 6.27e-08 ***
10 lsm spikes tanh raw 235 1.24e-07 -0.401 -0.0545 7.41e-07 ***
10 softsign raw tanh pca 235 1.44e-06 -0.145 -0.187 7.2e-06 ***
10 tanh pca tanh raw 235 0.000189 0.0838 0.154 0.000755 ***
10 softsign pca softsign raw 235 0.000275 0.0696 0.119 0.000826 ***
10 lsm spikes softsign raw 235 0.0161 -0.343 -0.0119 0.0322 *
10 softsign pca tanh raw 235 0.0381 -3.7e-05 0.0816 0.0381 *
. . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 2. Pairwise statistical comparisons between reser-
voir + EBM architectures for ECG signal imputation.
Stars indicate significance after Holm correction (p<0.05
(*), p<0.01 (**), p<0.001 (***)).

3.3.1 Effect of gap size. 330

Our analysis revealed that the impact of architec- 331

tural differences becomes more pronounced as the 332

imputation gap length increases. For short gaps (10 333

samples), significant differences were observed across 334

models, but the effect sizes were generally modest, 335

reflecting the fact that short gaps are inherently 336

easier to reconstruct. By contrast, at longer gaps 337

(20–50 samples), the effect sizes were substantially 338

larger, demonstrating that the choice of reservoir 339

model has a stronger influence when imputations 340

are more challenging. 341

3.3.2 Model differences. 342

Liquid State Machine-based reservoirs consistently 343

outperformed Echo State Networks in multiple pair- 344

wise comparisons, particularly when imputing longer 345

gaps. Negative dz values in comparisons against 346

ESN-based models indicate that LSM-derived fea- 347

ture streams provided more robust inputs to the 348

energy-based model, enabling more accurate recon- 349

structions. These results underscore the suitability 350
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of spiking-based reservoirs for capturing the nonlin-351

ear and sparse dynamics of ECG signals.352

3.3.3 Raw vs. PCA features.353

Applying principal component analysis (PCA) to354

reservoir states yielded mixed outcomes. In some355

cases, PCA-projected states improved performance356

by denoising the high-dimensional representations357

and enhancing reconstruction accuracy, whereas in358

other cases raw reservoir states retained richer tem-359

poral information that benefited the energy-based360

model. This suggests that the utility of PCA is task-361

dependent and may interact with both the reservoir362

type and the gap length.363

3.3.4 Conclusion364

Overall, the statistical comparisons demonstrate365

that LSM-based reservoirs, particularly in their raw366

state representations, offer a consistent advantage in367

ECG signal imputation, with differences becoming368

more pronounced as gap size increases. PCA can369

further refine performance in selected conditions,370

but its benefits are not universal. These findings371

highlight the importance of reservoir choice and372

representation method in designing energy-based373

imputers for physiological time series.374

3.4 Uncertainty reliability.375

For each dataset × gap × architecture, we assesed376

uncertainty reliability by computing Spearman cor-377

relation between mean uncertainty and EBM MAE378

across windows, and by testing whether mean un-379

certainty can identify “hard” windows (top MAE380

quartile) using AUROC. The table below shows381

these results.382

Gap Architecture N Spearman ρ
AUROC

(hard windows)

10 lsm rates 235 -0.112 0.479
10 lsm spikes 235 0.088 0.497
10 softsign pca 235 -0.275 0.471
10 softsign raw 235 0.246 0.618
10 tanh pca 235 -0.371 0.353
10 tanh raw 235 0.363 0.672
20 lsm rates 235 0.207 0.661
20 lsm spikes 235 0.321 0.729
20 softsign pca 235 -0.189 0.404
20 softsign raw 235 0.333 0.762
20 tanh pca 235 -0.198 0.399
20 tanh raw 235 0.257 0.667
50 lsm rates 235 0.414 0.802
50 lsm spikes 235 0.624 0.828
50 softsign pca 235 0.560 0.809
50 softsign raw 235 0.625 0.892
50 tanh pca 235 0.341 0.644
50 tanh raw 235 0.526 0.813

Table 3. Energy-derived uncertainty reliability (ECG).

4 Discussion 383

From our results we see the EBM’s energy-based 384

mean uncertainty being most discriminative when 385

the dynamics are nonlinear or misspecified. However, 386

in smaller gaps the uncertainty can be less informa- 387

tive, as we see AUROC values close to chance level. 388

With respect to feature representation, raw spikes 389

from the LSM-spikes variant were originally assumed 390

to be suboptimal for the EBM head given that they 391

are discrete and sparse. However, both LSM variants 392

consistently produced feature streams that enabled 393

more efficient imputation, particularly for longer 394

gaps where differences between models were most 395

pronounced. PCA-projected states were also found 396

to improve reconstruction in some settings by de- 397

noising high-dimensional trajectories, although this 398

benefit was not universal and appeared to depend 399

on both reservoir type and gap length. 400

We deliberately fixed the ESN, LSM, and EBM 401

parameters to investigate the effect of reservoir type, 402

neuron model, and state representation. However, 403

many studies have shown that parameters such as 404

neuron number, sparsity, and leak rate can have 405

significant implications for reservoir performance. 406

Additional to this, deep reservoirs, which are se- 407

quentially ordered reservoirs connected in series, can 408

provide stronger representation power than a sin- 409

gle reservoir. Further, the topology of the reservoir 410

has been shown to impact performance, with many 411

studies seeking to determine the optimal topology 412

for the task at hand. These additions were out of 413

scope for the present study but provide ample direc- 414

tions for future work to improve the reservoir–EBM 415

architecture. Future studies could also explore the 416

impact of concatenating multiple reservoir states 417

and applying optimization techniques over reservoir 418

parameters for systematic evaluation. 419

A further point concerns the parameters we fixed 420

in the EBM head, which directly shape the energy 421

landscape and therefore influence how uncertainty is 422

expressed. We defined energy as quadratic residuals 423

on both prediction error and state consistency, pro- 424

ducing elliptical wells aligned with coordinate axes. 425

This stabilises optimization and keeps uncertainty 426

interpretable, but reduces robustness to outliers. 427

This study demonstrates that combining reservoir 428

computing with an energy-based model provides a 429

robust framework for imputing missing segments 430

in ECG time series while simultaneously quantify- 431

ing uncertainty. Results show that both LSM- and 432

ESN-based reservoirs produce meaningful latent fea- 433

tures, with LSM-based models showing a consistent 434

advantage at longer gap lengths. PCA-projected 435

states often improved reconstruction quality by re- 436

ducing noise, though their effect was mixed and 437

task-dependent. The EBM’s energy scores prove 438

especially effective for longer gaps, offering a reli- 439
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able signal of when imputations may be implausible.440

Further studies evaluating the minimum amount441

of data for accurate reconstruction should also be442

conducted along with optimisation of the reservoir443

parameters to systematically assess their impact on444

imputation performance and uncertainty estimation.445

Overall, this architecture balances efficiency, inter-446

pretability, and uncertainty-awareness, making it447

a promising approach for clinical and physiological448

data imputation tasks.449
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