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A B S T R A C T

Neuromodulation studies require efficient exploration of high-dimensional stimulation spaces, where heuristic 

tuning is often slow and suboptimal. We present OnlineNeuro, an open-source Python framework that com­

bines active learning with neural simulators (AxonSim, Cajal, and AxonML). The package offers a unified 

interface for experiment setup, model training, adaptive sampling, and reporting. By prioritizing informative 

queries, OnlineNeuro improves sample efficiency for parameter exploration and meta-model construction. We 

demonstrate the framework on neural simulation use cases and benchmark tasks.
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1 . Motivation and significance

Neuromodulation is a class of therapeutic techniques in which elec­

trical stimuli are applied to neural tissue to activate, suppress, or 

regulate physiological function [8]. Treatment performance depends 

on many coupled stimulation parameters (e.g., amplitude, frequency, 

and waveform shape). Their Cartesian combinations define large search 

spaces, and this complexity grows quickly with dimensionality [4,5]. In 

practice, this makes exhaustive exploration costly or infeasible.

Clinical and preclinical stimulation routines are therefore often tuned 

with heuristic, expert-driven workflows. While practical, these work­

flows can require many evaluations and may converge to suboptimal 

settings, particularly when responses vary across patients and over 
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time [2]. Anatomical variability, electrode placement differences, and 

temporal changes in physiology all contribute to this challenge.

Active learning addresses this bottleneck by selecting the next ex­

periment using expected information gain, reducing evaluations while 

maintaining model quality or optimization progress [7,12,14,22]. Here, 

“online” refers to sequential model updating as new samples arrive, 

rather than real-time closed-loop therapy.

OnlineNeuro provides a unified framework to couple active-learning 

methods with neurostimulation simulators. It integrates TensorFlow, 

GPflow, and Trieste models with AxonSim, Cajal, and AxonML inter­

faces, enabling consistent experiment execution, logging, and analysis 

across tools [1,17,20].

Computational neuroscience simulators such as NEURON are com­

monly used in early-stage study design and hypothesis testing, but broad 

parameter sweeps can be computationally intensive in high-dimensional 

settings [11].

This paper is structured as follows: Section 2 summarizes active-

learning concepts relevant to neurostimulation, Section 3 describes 

architecture and functionalities, Section 4 presents representative use 

cases, and Sections 5 and 6 discuss impact and conclusions.

2 . Active learning

Active learning is a machine-learning paradigm in which a model 

iteratively queries the most informative samples, instead of relying on 

large uniformly labeled datasets. In each iteration, a probabilistic learner 

estimates predictions and uncertainty, an acquisition function ranks can­

didate points, and an oracle (simulator or experiment) returns the label 

for selected points.

The key components are therefore: (i) the learner, which should pro­

vide calibrated predictive uncertainty; (ii) the query strategy, which 

determines which point(s) to evaluate next; and (iii) the oracle, which 

can be a computational model, a laboratory experiment, or an expert 

annotator. Depending on the objective, stopping criteria and evaluation 

metrics are used to decide when performance is sufficient.

In neurostimulation, labels are expensive because each query may 

require a simulation run or biological measurement. Sample-efficient 

querying is therefore critical, and common strategies include uncer­

tainty sampling, improvement-based criteria, and hybrid exploration–

exploitation rules [12,14]. OnlineNeuro exposes these components 

through interchangeable models and samplers, enabling reproducible 

comparisons of search strategies under fixed evaluation budgets.

3 . Software description

OnlineNeuro is an open-source Python package for efficient evalu­

ation of neurostimulation configurations through surrogate modeling 

with machine-learning models from multiple libraries.

The central principle of OnlineNeuro is seamless integration of sim­

ulators (e.g., AxonSim in MATLAB and AxonML in Python) with ML 

frameworks (e.g., TensorFlow and GPflow) [1,17]. The library also pro­

vides a graphical user interface (GUI) for real-time visualization, and its 

classes and methods can be extended for custom problems.

3.1 . Software architecture

OnlineNeuro is developed with a three-layer structure composed of 

a front-end, a back-end, and the external interfaces. Fig. 1 presents 

the structure, subcomponents, communication routes, and associated 

technologies in each layer.

The layer functionality is divided as follows:

• Front-end. Divided into a Graphical User Interface (GUI) and 

a process logic. The GUI is written in JavaScript, HTML, and 

CSS for templating, and Plotly [21] for plotting. Its main func­

tion is to allow users to configure experiments without having 

Fig. 1. OnlineNeuro architecture.

to write Python and to provide online feedback/results of the 

experiment through logging and plots. The process logic com­

ponents allow loading saved experiment results and models for 

further optimization as well as logic concerning correct problem 

parametrization (e.g., valid acquisition functions depending on the 

model’s objective).

• Back-end: An HTTP REST API that mediates communication be­

tween the GUI the active learning layer and the simulators in a 

unified way.

• Active learning: This is the core Python component of 

OnlineNeuro and handles ML model initialization from different 

libraries (Trieste, GPflow and TensorFlow). It contains dedicated 

classes and methods for active learning designed to specifically ad­

dress different neurostimulation use cases, and also extends the 

functionality of pre-existing components. This layer can be used 

independently of the GUI for custom optimization problems.

• Simulation: The simulators are packages developed by other par­

ties for neural simulation. Currently, OnlineNeuro integrates with 

AxonSim (MATLAB), Cajal and AxonML (Python). Wrapper func­

tions have been written to make it easier to interact with the 

simulators.

3.2 . Software functionalities

OnlineNeuro contributions can be grouped into three components: 

(i) core GUI/backend modules for experiment setup, reporting, and 

model storage with limited coding effort; (ii) active-learning compo­

nents that provide configurable access to advanced ML models and 

acquisition functions, extending Trieste-style workflows for a consis­

tent user experience; and (iii) AxonSim extensions for custom temporal 

stimulation patterns and deeper control of simulator parameters than 

the default MATLAB GUI. Table 1 summarizes these contributions, 

while Table 2 maps added models/acquisition functions to use cases. 

Additional API details are available in the repository documentation; for 

a broader review of acquisition functions and Bayesian optimization, see 

Frazier [9].

4 . Illustrative examples

OnlineNeuro examples are available through the GUI, Jupyter note­

books, and Python scripts. Here we present the GUI and two simulation 

use cases that highlight key functionalities.
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Table 1 

Features summary per layer in OnlineNeuro.

Component Features

Front-end Graphical user interface (GUI).

Dynamic handling of model and problems 

constraints.

Back-end Process logic and plotting preparation.

Online Neuro (active 

learning)

MCDropout: Monte Carlo Artificial Neural 

Network with uncertainty estimation via 

Dropout.

ProbabilisticNetwork: Bayesian Neural 

Network for classification problems.

DiscreteBatchSampling: Acquisition rule to 

perform batch sampling of arbitrary scoring 

functions.

Multi-output regression scoring functions: 

Maximum variance sampling TemporalVariance
and weighted variance temporal gradient

TemporalVarianceMovement.

MaxCoverageSampler and

DiversityUncertaintySampler acquisi­

tion rules for low-discrepancy and weighted 

uncertainty/low-discrepancy sampling.

ExpectedImprovementXi: Greedy/Explorative 

modification of ExpectedImprovement.

External: AxonSim Extended experiment configuration for precise 

electrode configuration.

Support for custom parametric functions and 

better control for time dependent functions.

Signal post-processing routines.

Selected code examples 

(presented here)

Action potential meta-modeling in Cajal.

Action potential meta-modeling in AxonSim.

Diverse toy problems (regression, classification) 

for native Python and MATLAB.

4.1 . Graphical user interface

The GUI simplifies experiment configuration, reporting, and result 

exploration. This is useful when multiple experiments are run with mini­

mal code changes, for example when testing different waveforms, search 

spaces, or electrode counts. Traditionally, each of these tasks requires 

changing the underlying Python code. Using predefined JSON config­

uration files, the front-end exposes required inputs and the back-end 

adapts the execution logic accordingly. Furthermore, the GUI, shown in 

Fig. 2, allows visualization of results during data collection, which can 

guide users, especially during expensive simulations.

The GUI can be extended to cover new problems and use new mod­

els, by extending the interface in /frontend/, and the models and 

configurations in /config/. In case the users are interested in extend­

ing the plotting functionalities, they can extend the JS/Plotly functions 

in /frontend/templates/.

4.2 . Action potential modeling with AxonSim

OnlineNeuro can be used to evaluate AxonSim (MATLAB) prob­

lems. In this example, we create a meta-model of the action poten­

tial (AP) over different stimulation parameters. The objective is to 

create a meta model of how these waves change over the search 

space, which in turn can be used to select parameters for an in­

tended activation pattern. The reproducible code for this can be found 

in notebooks/Axonsim_AP_modelling.ipynb.

This example highlights OnlineNeuro’s capability for multi-output 

modeling. The setup uses a shallow dense network as base model, Monte 

Carlo Dropout (MC-Dropout) for uncertainty estimation, and a variance-

based acquisition rule. MC-Dropout is an ideal uncertainty estimator for 

problems where the regression output has a high dimensionality, which 

often cannot be handled by models such as GP or BNN due to high mem­

ory requirements [10]. The Temporal Variance–Movement acquisition 

weights predictive uncertainty and temporal gradients to improve esti­

mation of action-potential peaks. More details of the acquisition function 

are provided in the supplementary material.

The simulations use the same axon configuration in all cases, and 

only the pulse configuration is modified. Table 3 shows the configu­

ration of the experiment. The search space consists of two features, 

namely the current and pulse width of a double pulse. A double pulse 

consists of two monophasic pulses with mirrored polarity and the same 

pulse width without an inter-pulse delay. The observation is the cross-

membrane voltage over time observed at a node at a fixed distance from 

the stimulation electrode. For each input, the response is a vector of real 

values 𝑇  that represent the amplitude over time at the selected node. The 

characteristics of these waveforms, such as the time-to-peak, amplitude, 

decay rate, offset, and, in some cases, the presence of multiple spikes, 

are affected by the pulse features. Fig. 3 shows an example of a double 

pulse and the corresponding AP.

Table 2 

Description of models and acquisition classes with potential use cases.

Class Name What it does Use case(s)

Models MCDropout MC-Dropout wrapper for a single Keras model that 

provides probabilistic predictions via stochastic 

dropout passes.

Very large search spaces (>15 dims) or multioutput 

problems.

Architectures ProbabilisticNetwork Extension of the GaussianNetwork by Trieste for 

classification problems.

Low dimensional classification problems.

Acquisitions TemporalVariance Ranks candidates by predictive variance and se­

lects highest-variance points (pure exploration).

Uncertainty sampling, exploring the search space 

to reduce model uncertainty.

TemporalVarianceMovement Selects points using a weighted score of mean-

gradient magnitude (movement) and variance.

Uncertainty sampling for time series, by taking the 

gradient it highlights high errors in segments of the 

series with high variance.

MaxCoverageSampler Selects points maximizing minimal distance to ob­

served points (coverage).

Baseline for evaluation. Intuitive way of sampling 

by trying to fill the empty spaces in the search 

space.

DiversityUncertaintySampler Balances normalized uncertainty and coverage via 

a beta weight. Iteratively selects points combining 

both scores.

Extension made to improve BALD in scenarios 

where it oversamples in the same region.

DiscreteBatchSampling Samples a random pool from the search space, 

ranks via a sampler, and returns top-K points ac­

cording to a given metric.

A flexible function where an arbitrary criterion in 

the inputs, outputs, or both can be selected. Only 

intended for problems where evaluation can be 

done over thousands of candidates fast.

ExpectedImprovementXi Acquisition function that uses a 𝜉 parameter to 

trade off exploration vs exploitation.

Scenarios where the exploration/exploitation 

needs to be tuned during data collection.
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Fig. 2. GUI of OnlineNeuro. The GUI presents a left panel for problem configuration, a right panel for model and optimizer configuration, and a center panel for 

displaying results. The problem being solved corresponds to the circle toy problem, and shows the collected samples and the posterior mean of the model during 

runtime.

Table 3 

Fixed parameters of the AxonSim simulation.

Component Parameter Value Parameter Value

Pulse Number of electrodes 1 Electrode position [−1 mm, −1 mm]

Electrode type Single Frequency Single

Pulse type Biphasic – –

Axon Curvature 0◦ Medium resistance 35 Ω cm−1

Diameter 12 µm Length 40 mm

Model Model type McIntyre-Richardson-Grill (MRG)

Fig. 3. Examples of the waveforms of a double pulse and the corresponding 

action potential.

The meta-model used is an ANN with three layers containing [32, 

64, 128] units. Rectified Linear Unit (ReLU) activations are used for 

the hidden layers, and linear activation is used for the output layer. 

All layers use dropout (rate 0.3) during training for regularization and 

during inference for uncertainty estimation. The network parameters are 

optimized using the Adam optimizer with a learning rate of 0.001. The 

acquisition function is Temporal Variance-Movement with 𝛼 = 0.1.

The initial samples are collected using Sobol sampling. The samples 

are divided into an initial training dataset and a holdout dataset for 

validation purposes. After the initial fit, the active learning optimization 

is run for a total of 100 additional samples. Fig. 4 shows the root mean 

squared error (RMSE) of the training and validation datasets. Notice that 

the training set contains samples that the model has directly observed 

and is only used as a reference, while the holdout dataset contains points 

that are not included in the training. Fig. 5 shows examples of the final 

prediction of both validation datasets. Finally, Fig. 6 shows the initial 

samples, the collected samples, and the final uncertainty estimate. This 

figure shows how the active learning strategy focused on the edges of 

Fig. 4. Mean RMSE over the holdout samples and the initial fit samples. The in­

tervals correspond to the error variance across samples. Convergence seems to be 

achieved after collecting 30 samples, with little to no improvement afterwards.

the search space, as these contain the APs with the highest variation in 

amplitude.

4.3 . Action potential propagation blocking in cajal

This example illustrates the application of our package to op­

timize the parameters of a blocking pulse electrode, specifically, 

amplitude, pulse width, and delay to inhibit the propagation of 

APs in a myelinated axon model. Precise AP blocking is essen­

tial for advancing applications in functional electrical stimulation 

and neuromodulation. The reproducible code for this can be found 

in notebooks/GP_Cajal_AP_blocking.ipynb.

The experiment simulates the stimulation responses of a myelinated 

axon with 27 µm diameter and 120 mm length. The setup consists of two 

electrodes: a stimulation electrode injects a monophasic pulse to trigger 

an AP, and a blocking electrode injects a monophasic pulse to stop the AP 

propagation. The spacing between electrodes is 60 mm. Both electrodes 

are placed 1 mm above the axon (extramembrane stimulation). The fixed 

parameters are presented in Table 4. The parameters of the stimulation 

electrode are fixed and selected based on single-electrode simulations 

in which the configuration triggers an AP. Notice that when multiple 

electrodes are simulated, their fields interact, and the fixed configuration 

may not necessarily trigger the AP. In this evaluation, these events are 

considered as non-blocked events, as no initial AP was generated. The 

optimization parameters are the amplitude, pulse width, and delay of the 
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Fig. 5. Examples of AP responses of the training and out-of-bag validation datasets and predictions with uncertainty estimation after the model optimization. Black 

represents the actual values and dashed blue corresponds to the predictions and the uncertainty estimate (For interpretation of the references to colour in this figure 

legend, the reader is referred to the web version of this article.).

Fig. 6. Model’s uncertainty after training, initial samples for training and eval­

uation, and collected samples. The initial training samples and holdout samples 

were selected using Sobol method. Subsequent points are sampled using the 

optimization strategy.

blocking electrode. The parameter search space was defined as follows: 

amplitude range from -4mA to 4mA, pulse width from 0.05s to 3s, and 

delay from 0.05s to 3s. A trial is considered valid (label=1) if an AP is 

generated and effectively blocked. Fig. 7 illustrates the spatiotemporal 

propagation of an AP blocking around node 150. In order to enhance the 

parameter search, these problems can be explored with the GUI. Fig. 8 

shows the results over the dynamic interface.

For the active-learning strategy, the meta-model is a variational 

Gaussian process with Bayesian Active Learning by Disagreement 

(BALD) as acquisition function [12]. This strategy is benchmarked 

Fig. 7. Top: Example of an AP blocked at node 150. Bottom: The waveforms that 

generate and block the AP.

against three baselines: fixed grid search with spacing 5 per dimension 

(5𝑑  with 𝑑 = 3, sampled without replacement), MaxiMin coverage sam­

pling, and uniform random sampling (a more extensive discussion of 

these is provided in the supplementary material).

The initial samples (30) are collected using Sobol sampling. After 

the initial fit, the active learning optimization is run for an additional 

100 samples. Fig. 9 presents the cumulative count of positive samples 

(blocked AP) during sampling for each method. In this figure, we can 

appreciate that active learning is able to find valid configurations rela­

tively easily despite it being an imbalanced problem where the positive 

class is in the minority. Fig. 10 illustrates the initial and observed sam­

ples for each of the sampling methods, the colors indicate whether an 

AP is blocked or not. This figure shows how the active learning strategy 

Table 4 

Fixed parameters of the Cajal simulation.

Component Parameter Value Parameter Value

Pulse Positions [−30 mm, −1 mm]; [30 mm, −1 mm] Frequency Single pulse

Stimulation waveform Monophasic Electrode type Single

Blocking waveform Monophasic – –

Axon Diameter 27 µm Length 120 mm

Model Model type McIntyre-Richardson-Grill (MRG)
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Fig. 8. Example of the AP block problem through the GUI, allowing for dynamic visualization of pulses, search space and action potential propagation over time.

Fig. 9. Cumulative count of configurations that effectively block the AP propa­

gation during the search space exploration for different methods.

focuses on exploring the decision boundaries, and it is more effective at 

finding blocking configurations in the process. Fig. 7 shows an example 

of a blocked AP.

Final parameter selection can follow two routes: use the best ob­

served feasible configuration, or use the surrogate model to infer system 

behavior and localize predicted optima. An example of this is included 

in notebooks/GP_Cajal_sinusoid_delay.ipynb.

5 . Impact

OnlineNeuro is a library designed to facilitate sequential optimiza­

tion of neurostimulation parameters in an efficient and user-friendly 

manner by integrating computational models with active learning tech­

niques. Active learning in neural stimulation has been investigated for 

clinical studies in memory function [3], motor control [7,15,16], and 

epilepsy treatment [18], among others, and is likely to continue devel­

oping with recent advances in implantable devices and deep learning. 

Despite this progress, there remains a need for open frameworks that 

support these initiatives under a common structure. More recently, a 

Bayesian optimization framework (OBOES) for evoked signals during 

stimulation has been presented [22]. Its dynamic dashboard allows 

users to explore simulated vagus nerve stimulation data using BO tech­

niques; however, it currently does not support analysis of external 

datasets. OnlineNeuro is positioned as a bridge between active-learning 

tools and neural simulation platforms. Its long-term vision includes 

the inclusion of novel active-learning methods and extension of util­

ity functions for neurosimulation packages such as AxonSim [6], Cajal, 

and AxonML [13], with the ultimate goal of enabling efficient in-vivo 

studies.

The potential benefits of OnlineNeuro include faster evaluation of 

electrode configurations, discovery of novel stimulation protocols, and 

more efficient data collection.

As future work, this library offers opportunities for research in active 

learning and closed-loop neurostimulation. We highlight:
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6 



D. Nieves Avendano, A. Callaert, P. Schnepel et al.

Fig. 10. Initial and collected samples and observed outputs for the AP block experiments for different search strategies.

• Selective AP blocking in axon populations, where the goal is to 

generate APs and block their propagation only on specific axon 

bundles. This scenario addresses diversity in neuron fiber physical 

properties (e.g., width), their sensitivity to pulse configurations, 

and the spatial distribution of fibers.

• Modeling of complex stimulation patterns and dosing over longer 

periods, including continuous and burst stimulation, as well as 

effects across multiple sessions.

• Safe evaluation of novel stimulation techniques with limited side-

effect risk by extending OnlineNeuro to multi-objective and con­

strained optimization.

• Adaptation to long-term plasticity through models that can be 

updated as neural dynamics change.

• Short-term in-vivo validation studies with acute responses to assess 

active-learning protocols. For example, cardio-respiratory regu­

lation through vagus nerve stimulation (VNS), as investigated 

in OBOES studies [22], provides physiological feedback within 

seconds.

• Long-term in-vivo studies targeting physiological modulation over 

extended periods, including interventions whose effects emerge 

over days or weeks, such as transcranial magnetic stimulation 

(TMS) in epilepsy treatment.

6 . Conclusions

We present OnlineNeuro, a Python based framework for active learn­

ing in the context of neurostimulation experiment optimizations. The 

library is compatible with three popular neural simulators: AxonSim, 

Cajal, and AxonML; and it contains routines and models to optimize 

regression and classification problems, bringing the benefits of active 

learning to neurostimulation optimization problems.

OnlineNeuro can be used for multiple research purposes, such as the 

creation of meta-models to better understand axon dynamics, investigat­

ing the spatial and temporal effects of different electrode configurations 

and stimulation parameters. The active learning framework allows for 

more effective data collection.

Finally, its dedicated GUI aims to make interaction with the library 

and live analysis seamless. In addition, the interface handles common 

tasks such as problem configuration, model saving, results reporting, 

and interactive visualizations.
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Appendix A . Supplementary data

Supplementary data to this article can be found online at doi:10.

1016/j.softx.2026.102648.

Extended annex content (toy-benchmark definitions, additional 

figures, and the full Temporal Variance–Movement formulation) is pro­

vided in repository supplementary notebooks and is not part of the main 

manuscript word count.

The supplementary toy benchmarks include Gaussian-process and 

random-forest baselines implemented with standard scikit-learn tool­

ing [19].
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