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A B S T R A C T

VIPR (Versatile Inverse Problem Software Framework) is a plugin-based software framework for building repro­

ducible machine-learning workflows for scientific inverse problems. These problems arise when researchers need 

to reconstruct physical properties of a sample from incomplete or indirect measurements, a common challenge in 

X-ray and neutron scattering experiments where only intensity measurements are available and phase informa­

tion is lost. VIPR addresses such ill-posed reconstruction tasks where direct inversion is often impossible. VIPR 

implements a modular microkernel architecture with domain-specific plugins to produce configurable machine 

learning workflows, including both deterministic and probabilistic models. Workflows are defined via declarative 

YAML configurations and can be executed through a command-line interface or a containerized web application. 

For a given experimental dataset, VIPR produces standardized analysis artifacts, including visualizations and sta­

tistical summaries. This article demonstrates VIPR for X-ray and neutron reflectometry and for reconstructing 

PEMFC operating parameters from sensor data. Both applications use domain-specific plugins with the same core 

inference workflow. 
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1 . Motivation and significance

Inverse problems arise in many experimental techniques in materi­

als science and particle physics. For instance, in scattering experiments, 

such as neutron and X-ray reflectometry, the measured intensity cor­

responds to the squared magnitude of a complex wavefield. As a 

consequence of this measurement principle, phase information is lost 

and direct inversion of the measured intensity data is generally not pos­

sible without additional assumptions, as multiple parameters can lead to 

an identical intensity measurement. This phase problem [1] is a prime 

example making the mapping from the measurement space to the param­

eter space ambiguous and thereby the problem of recovering underlying 

physical parameters from the measurement non-convex and ill-posed. 

Similarly limited detector resolution or detector noise can also lead to a 

loss of information which can also cause an otherwise invertible problem 

to become ill-posed.

Manual or iterative fitting-based reconstructions can be applied to 

solve these problems given careful and time-consuming initialization by 

domain experts. Bayesian inference [2] can address this ambiguity by 

combining the data with prior knowledge to estimate a posterior distri­

bution over the parameters rather than a single point estimate, making 

the analyses even more computationally demanding. Because of this, ei­

ther approach is often impractical in large-scale research facilities for 

in-situ analysis where high-throughput data streams can be produced 

by detectors. Even in lower-throughput settings, timing is critical when 

experimental decisions need to be made during limited beamtime.

Machine learning-based inference that can deliver rapid analysis and 

uncertainty quantification during measurements would be especially 

valuable in such scenarios.

There are already open-source software packages that serve as pow­

erful tools for model-based reflectometry analysis and partially address 

these challenges. GenX [3] employs the differential evolution algorithm 

as a robust optimization method to avoid local minima when fitting X-

ray and neutron reflectivity data. Refl1D [4] offers fitting via a Bayesian 

uncertainty analysis framework, Bumps [5], which includes Markov 

chain Monte Carlo (MCMC) sampling to quantify parameter uncertainty 

and correlations. It has also been extended with a web-based inter­

face to improve accessibility [6]. refnx [7] is another Python package 

that offers fitting methods based on least-squares and a Bayesian ap­

proach using the MCMC algorithm. It has also been extended to related 

techniques such as ellipsometry through refellips [8]. BornAgain [9] pro­

vides an open-source framework for simulating and fitting X-ray and 

neutron reflectometry, off-specular scattering, and grazing-incidence 

small-angle scattering data using analytical models and a range of nu­

merical optimization methods, including stochastic global optimizers 

such as simulated annealing and genetic algorithms. Similarly, anakla­

sis [10] provides a Python-based software package for specular neutron 

and X-ray reflectivity modeling, with a particular focus on parameter-

uncertainty quantification via bootstrap analysis and MCMC sampling. 

While these tools are widely used and highly effective, the reconstruc­

tion process remains iterative and computationally expensive for large 

parameter spaces. MCMC-based approaches can provide uncertainty 

estimates, but they are often not well suited for rapid analysis in high-

throughput settings. This has motivated growing interest in generative 

approaches for inverse uncertainty quantification [11].

Recently, machine-learning-based approaches have also been applied 

to X-ray and neutron reflectivity [12–16]. However, such solutions of­

ten rely on project-specific code and analysis pipelines that are difficult 

to adapt, compare and reproduce across research facilities. In practice, 

applying a different method to the same experimental dataset would re­

quire substantial manual adaptation of complex pipelines. As a result, 

simply sharing trained models is not sufficient, as it does not capture 

important steps such as preprocessing transformations needed for ac­

curate parameter estimation. More broadly, recent scientific software 

has increasingly emphasized modular, configuration-driven, and repro­

ducible workflows for computational research [17,18], highlighting the 

need for reusable and interoperable analysis. Existing machine-learning 

solutions are typically published as software attached to an individual 

study and are tailored to that specific application; some achieve a higher 

degree of reuse within their domain, such as Reflectorch [19], but, to 

our knowledge, none provides a cross-domain layer that integrates dif­

ferent models behind a common interface, both within data pipelines 

and through a shared user interface. Rather than contributing a new 

machine-learning model, VIPR addresses this gap by providing such a 

platform.

VIPR is a modular, plugin-based framework for data-driven in­

verse problem workflows that provides a standardized interface for 

reproducible machine-learning inference pipelines.

VIPR’s key contributions are:

• Workflow interchangeability: VIPR enables complete inference 

workflows (e.g., data loading, preprocessing, model execution, and 

postprocessing) to be defined through YAML configuration files. 

This facilitates the application of different methods to the same 

dataset without the need to modify the underlying code.

• Probabilistic inverse modeling: VIPR integrates probabilistic 

generative models that enable the prediction of conditional pos­

terior distributions of physical parameters. This enables efficient 

uncertainty quantification and the detection of multiple solutions.

• Modular workflow design: Domain-specific logic, such as data 

loading, preprocessing, and model loading, can be encapsulated in 

plugins. The core framework, on the other hand, handles orches­

tration, configuration management, and deployment.

• Reproducibility: Entire workflows are defined via YAML config­

uration files and can be executed via a command-line interface 

or a web application. This ensures consistency across different 

computing environments.

• Extensibility: VIPR allows for straightforward incorporation of 

new experimental domains via a registry-based plugin mechanism.

The remainder of this article is structured as follows. Section 2 describes 

the VIPR software architecture and its functionality. Section 3 presents 

the use of VIPR with illustrative examples. Section 4 discusses the prac­

tical research impact of VIPR on scientific inverse problems. Finally, 

Section 5 provides the conclusion and outlook for future work.

2 . Software description

VIPR is a modular, plugin-based framework for deep learning in­

ference on scientific inverse problems. While originally developed for 

reflectometry, its architecture is domain-agnostic, separating the core 

orchestration logic from domain-specific physical models and data 

handling.

2.1 . Software architecture

VIPR is built upon the Cement application framework [20] and 

NF4IP [21]. It follows a layered microkernel architecture (Fig. 1) that is 

divided into two primary layers:

1. vipr-core: Provides the fundamental infrastructure, including 

the command-line interface (CLI), API generation, configuration 

management, and the orchestration of the inference pipeline. It 

provides abstract handler base classes (data loader, model loader, 

predictor) and pipeline orchestration but contains no domain 

logic.

2. Domain Plugins: External Python packages (e.g., vipr-
reflectometry) that register domain-specific handlers, filters, 

and hooks with the core.

The framework uses three primary mechanisms to ensure extensibil­

ity without modifying the core codebase:
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Fig. 1. Pictorial overview of the VIPR framework. Domain plugins register handlers, filters, and hooks at the core’s extension points to define the scientific workflow.

• Handlers extend handler base classes (e.g., DataLoaderHandler,

ModelLoaderHandler, PredictorHandler) to implement domain-

specific data loading, model loading, and prediction.

• Filters are chainable functions that transform data passing through 

the pipeline (e.g., interpolation, normalization). They are executed 

in a deterministic, weight-sorted order.

• Hooks are callbacks used for non-transforming tasks such as 

logging, validation, or real-time visualization.

The strict_registration extension enforces fail-fast validation 

by rejecting registrations to undefined hook/filter namespaces. The

dynamic_hooks_filters extension provides YAML-based wiring and 

validates configured callbacks and parameters against a global registry.

VIPR includes a built-in HuggingFace plugin that resolves reposi­

tory definitions registered by domain plugins and synchronizes required 

model artifacts (configuration files and weights) into local model direc­

tories. When running the API service, this synchronization is automati­

cally triggered during startup.

2.2 . The inference pipeline

The core of VIPR is a generic, five-step inference pipeline designed 

to support reproducible scientific workflows. The pipeline ensures that 

data flows through a predictable sequence of operations:

1. Load Data: A handler reads experimental files (e.g., CSV, HDF5) 

and standardizes them into a unified DataSet structure contain­

ing input given as a vector of arguments (𝑥), a mapped vector of 

values/results (𝑦) optionally with uncertainties (𝑑𝑥, 𝑑𝑦).

2. Load Model: A handler loads a pre-trained model and prepares 

it for inference on the configured device (CPU/GPU).

3. Preprocess: A chain of filters transforms the DataSet for model 

consumption. Filters are executed in deterministic weight-sorted 

order and configured via YAML, enabling operations such as nor­

malization, data cleaning, outlier removal, or interpolation to the 

model’s input grid.

4. Predict: The model generates predictions based on the prepro­

cessed input.

5. Postprocess: Results are formatted, and hooks are triggered to 

generate and collect output artifacts such as plots and tables, 

which are persisted upon pipeline completion.

The unified DataSet container that flows through the pipeline is 

defined as:

The DataSet design abstracts over array data with arbitrary shapes. 

It supports both single and multiple independent samples in a uni­

fied container. Multiple samples are stacked along the first array axis 

(batch dimension), while a single sample is represented with a leading 

dimension of size one. For one-dimensional measurements (e.g., spec­

tral curves, time series), the resulting array shapes are (n_samples, 
n_points). The design extends naturally to higher-dimensional data 

(e.g., images, 3D volumes) with the same batch-first convention.

Each pipeline step exposes seven extension points arranged sym­

metrically around the handler execution in the center (as detailed in 

the lower panel of Fig. 1): two filter chains (pre- and post-execution) 

each bracketed by a pair of hooks. Combined with three workflow-

level hooks (INFERENCE_BEFORE_START_HOOK, INFERENCE_START_HOOK, 

and INFERENCE_COMPLETE_HOOK), this yields a total of 38 extension 

points across all five pipeline steps (5 × 7 + 3) that plugins use to in­

sert domain-specific behavior without modifying the pipeline structure. 

Plugins write result artifacts (images, tables, diagrams) into a shared

DataCollector at configured hook points throughout the pipeline; on 

the INFERENCE_COMPLETE_HOOK, the accumulated data is serialized to 

a UUID-addressed result directory for frontend consumption or offline 

inspection.

Implementing a domain plugin. A domain plugin is distributed as an 

installable Python package and registered through the vipr.plugins
entry point. Its load(app) function registers the components required 

by the inference workflow. A DataLoaderHandler reads the domain-

specific measurement format and maps the measurements to the com­

mon DataSet representation. A ModelLoaderHandler loads the config­

ured inference model. A PredictorHandler receives the preprocessed

DataSet and the loaded model and returns the raw model output. Filters 

transform the DataSet. At configured hook points, callbacks use the 

shared DataCollector API to record result tables, diagrams, and images. 

The registered components are selected and configured through YAML. 

For one data format and one inference method, the framework-specific 

integration comprises a data loader, a model loader, a predictor, filters 
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for the required data transformations, callbacks for result generation, 

and a YAML configuration. VIPR plugins implement domain-specific 

inference workflows. The development, training, and scientific valida­

tion of the underlying models are outside the scope of the framework. 

Appendix C provides a high-level implementation walkthrough and 

quantifies the scope of the reflectometry plugin.

2.3 . Domain application: reflectometry

To demonstrate domain adaptation, we implemented the external

vipr-reflectometry package. It maps the five-step workflow to X-

ray and neutron reflectometry by registering domain-specific handlers, 

filters, and hooks.

For data loading, the plugin provides csv_spectrareader (column-

based text files including ORSO-compatible formats [22]) and

hdf5_spectrareader (HDF5 [23] for batch processing). An optional 

preprocessing filter removes non-positive intensities and, when un­

certainties are available, can discard high-error points or truncate 

high-error regions. For Reflectorch, a separate filter interpolates the 

measurements onto the model’s 𝑄-grid. Three model families address 

different analysis needs. Reflectorch [19,24,25] produces determinis­

tic point estimates from a neural network that receives the reflectivity 

curve together with user-defined prior bounds; predictions can option­

ally be polished via least-squares optimization. Normalizing-flow models 

[26–29] generate posterior samples from learned conditional distri­

butions, enabling uncertainty quantification and multimodal solution 

detection. PANPE [30] additionally accepts user-specified prior bounds 

as network input at inference time, so that a single trained model 

covers varying experimental constraints without retraining. All han­

dler selections and parameters are declared in YAML, enabling users to 

switch between deterministic and probabilistic workflows without code 

changes.

2.4 . Domain application: system-state inference from sensor data

To demonstrate VIPR on an inverse problem beyond scattering, we 

applied it to simulated sensor data from a polymer electrolyte membrane 

fuel cell (PEMFC). A conditional invertible neural network (cINN) [31] 

infers probability distributions for PEMFC operating parameters from 

measurable or derived quantities [32].

The external vipr-fuel-cell plugin [33] maps this problem to the 

generic inference workflow described in Section 2.2 without requir­

ing modifications to vipr-core. It registers domain-specific handlers 

for sensor-data ingestion, cINN model loading, and posterior sam­

pling, together with a preprocessing filter and a result-collection hook. 

Preprocessing selects and scales the sensor quantities that serve as condi­

tioning variables for the cINN. During prediction, samples drawn in the 

latent space are mapped through the inverse cINN and transformed back 

to physical parameter units, from which posterior summary statistics are 

calculated. During postprocessing, the result-collection hook writes the 

results to VIPR’s shared DataCollector. These results include parameter 

summary tables and time series of posterior means. For selected sensor 

states, the hook also records marginal posterior distributions.

2.5 . Deployment and web interface

In addition to the CLI, VIPR includes a containerized web application 

for interactive analysis. The deployment architecture consists of four 

services:

• Frontend (Nuxt.js): A reactive web UI that allows users to config­

ure pipelines visually and interact with results.

• API Backend (FastAPI): Exposes the REST API and dispatches 

inference jobs to Celery workers.

• Redis: Message broker and result backend for asynchronous task 

execution.

• Worker Pool (Celery): Executes the inference pipeline asyn­

chronously. This decoupling ensures that long-running inference 

tasks—such as generating thousands of posterior samples—do not 

block the user interface.

The API backend and the Celery worker share a persistent stor­

age volume. A Docker Compose configuration for deploying the full 

stack alongside the source files of VIPR’s developer documentation is 

maintained as the overarching vipr-framework package. A schematic 

overview of the containerized deployment is provided in Fig. A.7.

Redis queues concurrent inference requests, which a Celery worker 

processes sequentially (concurrency=1). Each task uses a unique iden­

tifier for its result directory.

Software quality. Automated tests for vipr-core, vipr-api, vipr-
frontend, and vipr-reflectometry are run in their GitLab CI pipelines. 

Across these components, the test suites include unit, integration, and 

browser-based end-to-end tests. Within vipr-core, beartype checks 

annotated functions at runtime, while component parameters supplied 

through YAML are validated against their Pydantic schemas. Validation 

and cleaning of measurement data are domain-specific. The reflectom­

etry plugin accepts column-based .csv, .dat, and .txt files and HDF5 

files with .h5 or .hdf5 extensions. Its data loaders raise explicit errors 

if no input path is provided, the file does not exist, or another file exten­

sion is used. Measurement uncertainties are optional. Compatibility with

vipr-core is managed through package dependency constraints. The de­

veloper documentation covers installation, configuration, the extension 

interfaces, and the implementation of domain plugins.

3 . Illustrative examples

This section illustrates how VIPR can be applied to reflectometry 

analysis using both deterministic and probabilistic deep learning mod­

els. We first demonstrate the basic usage of VIPR with a deterministic 

workflow on X-ray reflectometry data in Section 3.1. We then present a 

probabilistic case study on representative experimental neutron reflec­

tometry data from the MARIA reflectometer at the Heinz Maier-Leibnitz 

Zentrum (MLZ) [34] in Section 3.2. Next, we demonstrate how results 

from different inference runs can be compared within a unified work­

flow in Section 3.3. Finally, Section 3.4 presents an inverse problem from 

another scientific domain: reconstructing PEMFC operating parameters 

under steady-state conditions from simulated sensor data.

3.1 . Deterministic workflow on experimental x-ray reflectometry data

As a first example, we consider experimental X-ray reflectivity data 

shown in Fig. 2(a). This measurement represents a two-layer film, where 

the substrate is silicon with a thin silicon oxide layer on top, followed 

by a perylene diimide (PTCDI-C3) layer. Listing B.1 shows an example 

YAML configuration specifying the workflow used here on this dataset. 

From a user’s perspective, this configuration file drives the whole work­

flow for SLD profile prediction, by specifying all components of the 

inference pipeline, including data loading, preprocessing filters, model 

loading, prediction, and postprocessing. In order to change the pipeline, 

there is no need to make any code changes; only the swapping of com­

ponents and modification of parameters in the configuration file as will 

be discussed in Section 3.2. This allows users to easily customize the 

workflow for different datasets, models, and analysis requirements. The 

specified workflow can be executed using the CLI command:

vipr --config <config.yaml> inference run

In this example configuration file (cf. Listing B.1), the

csv_spectrareader handler reads reflectivity data from a text 

file and assigns the corresponding columns to the reflectivity in­

tensity and momentum transfer variables. The preprocessing filter

preprocess_interpolate interpolates the experimental curve to the 

specific Q-spacing required by the neural network. Then, the model 

handler loads a pre-trained Reflectorch model [19] for point estimation 

specified by config_name for reflectometry analysis.
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Fig. 2. Reflectivity analysis results for the PTCDI-C3 thin-film sample.

In the prediction stage, the reflectorch_predictor handler per­

forms neural network inference to predict the physical parameters and 

compute the reflectivity curves and SLD profiles. The prior_bounds pa­

rameter allows researchers to input prior knowledge into the model 

during inference. This includes knowledge about parameter bounds 

as well as instrument correction parameters, such as a misalignment-

induced offset in momentum transfer and a multiplicative intensity 

scaling factor applied to the reflectivity curve. Inclusion of prior knowl­

edge helps the model eliminate potential ambiguities and produce a 

single estimate of the parameters. Inferred parameters can optionally 

initialize a nonlinear least-squares fit in which the reflectivity is cal­

culated using the Abelès matrix formalism [19,35]. This polishing step 

improves agreement with the measured curve at small computational 

cost when model prediction is valid and conversely provides robustness 

against model prediction failures.

After completing the inference workflow, VIPR creates a directory 

to store all analysis results in a structured manner. This allows users 

not only to quantify but also to visualize the inference results. Fig. 2(a) 

and (b) display the predicted reflectivity curves and corresponding SLD 

profiles obtained for the PTCDI-C3 thin film dataset, respectively.

As described previously in Section 2.5, VIPR provides users not only 

with a text-based user interface (CLI) but also with a graphical user in­

terface (GUI) through a containerized web application that follows the 

same configuration-driven inference pipeline depicted in Fig. 3. The web 

interface allows users to modify the workflow parameters, run infer­

ence, compare stored results, and inspect resulting plots in an interactive 

manner. It also provides an Auto Execute mode for on-the-fly parameter 

fitting: inference is re-run automatically whenever the configuration is 

adjusted in the UI, providing immediate visual feedback. Both the CLI 

and web application interface support interoperability across research 

facilities through the simple exchange of configuration files, ensuring 

reproducible and portable workflows.

3.2 . Probabilistic workflow on experimental neutron reflectometry data

The deterministic workflow, described in Section 3.1, incorporates 

prior knowledge to produce a single estimate of the underlying structure. 

While this is effective for problems where prior constraints on the param­

eter bounds are available, it does not provide insight into uncertainty or 

the presence of multiple solutions.

To address this limitation, VIPR also offers probabilistic deep learn­

ing models, such as normalizing flows. These models learn the dis­

tribution of parameters instead of predicting a single estimate. Thus, 

at inference time, we can generate samples from the learned condi­

tional posterior distributions of physical parameters, given the measured 

reflectivity curve. This enables direct analysis of uncertainty and multi­

modality.

To demonstrate these capabilities, we analyze neutron reflectometry 

data measured at the MARIA reflectometer at MLZ. The analyzed dataset 

corresponds to the spin-down (non-spin-flip) reflectivity curve of a two-

layer (Pt/Fe) film at the air/MgO interface, originally presented in the 

supporting information of the anaklasis software paper [10]. We use 

a pre-trained normalizing-flow-based model (Neural Spline Flow [29]) 

with a 1D CNN [37] embedding network for the inference pipeline. 

Listing B.2 shows the example configuration for this setup.

To explore the multimodality of solutions, a Gaussian Mixture Model 

(GMM) clustering algorithm with two components is applied, resulting 

in a clustered corner plot as shown in Fig. 4. GMM clustering of the pre­

dicted posterior distribution over the eight physical parameters reveals 

two well-separated modes. These modes are most clearly separated in 

the joint distribution of the first- and second-layer thickness parameters 

(denoted 𝑑𝐿1 and 𝑑𝐿2 in Fig. 4). The dominant mode, which accounts for 

86% of the samples, corresponds to a structure with a relatively thick 

first layer and a thinner second layer. On the other hand, the secondary 

mode (14%) corresponds to the inverse configuration, with a thinner 

first layer and a thicker second layer. VIPR validates these results by 

computing reflectivity curves corresponding to the cluster centroids and 

comparing them with the experimental curve shown in Fig. 5(a). As can 

be seen from the figure, both parameter combinations produce good 

agreement with the measured data. The corresponding SLD profiles are 

shown in Fig. 5(b). The ambiguity arises from the invariance of the mea­

surement process, which loses phase information, under phase shifts in 

the reflected neutron radiation as a result of which different SLD profiles 

can produce identical, or very similar, reflectivity curves.

This example illustrates the ill-posed nature of inverse problems in 

reflectometry. It demonstrates how VIPR facilitates the identification of 

multiple possible solutions and provides a comprehensive overview of 

parameter uncertainty. While traditional optimization can recover mul­

tiple solutions through systematic exploration with different priors and 

initializations, this typically requires multiple independent fitting runs. 

VIPR’s probabilistic approach achieves full posterior characterization 

systematically in a single inference step, making it well-suited for near 

real-time experimental feedback.

3.3 . Comparing results from multiple inference runs

To relate the two posterior modes identified in Section 3.2 to re­

sults from deterministic inference, VIPR provides a compare workflow 

that aggregates results from multiple independent runs into a unified 

comparison.

The workflow is invoked with:

vipr --config <compare_config.yaml> compare run

The configuration file specifies which stored results to compare. In the 

present example (cf. Listing B.5), the comparison aggregates three re­

sults: the normalizing-flow result from Section 3.2, from which the two 

cluster-centroid solutions are extracted, and two Reflectorch-based re­

sults obtained under different prior bounds on the first-layer thickness 
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Fig. 3. Web application interface of the VIPR framework.

(1–50 Å and 1–400 Å, respectively; the second layer was bounded to 

1–400 Å in both cases). Listings B.3 and B.4 are the configuration files 

corresponding to the deterministic inferences. Notice that to change the 

prior bounds, the user only needs to minimally tweak the configuration 

file (cf. Listing B.4) and rerun the inference pipeline.

Fig. 6(a) and (b) show the resulting reflectivity curves and SLD 

profiles. The four polished solutions separate into two distinct sets: a 

thick first layer with a thinner second layer, and the inverse configura­

tion. When the prior bounds are set broadly (1–400 Å for both layers), 

Reflectorch’s point estimator converges to the dominant solution identi­

fied by the normalizing flow (86% posterior mass), which corresponds to 

a thick first layer. Constraining the first-layer thickness to 1–50 Å forces 

convergence to the secondary mode (14% posterior mass). Both families 

achieve comparable fit quality, as indicated by the metrics in Table 1. 

The choice of prior bounds thus determines which of the two solutions 

Reflectorch recovers—a degeneracy that the probabilistic model reveals 

directly. Ultimately, the compare workflow eliminates the need for cus­

tom analysis scripts when evaluating different methods. By generating 

joint plots and metric tables from a single configuration file, VIPR pro­

vides a simple way to directly compare how different models and prior 

constraints impact the final results. The compare workflow is also acces­

sible through the web application, where stored inference results can be 

selected and compared interactively.

3.4 . PEMFC operating-state reconstruction

For a reproducible cross-domain example, VIPR processes a 

simulated PEMFC operating profile with the cINN developed for Test 

Case 1 by Löser et al. [32]. It estimates nine operating parameters 

from eleven measurable or derived input quantities, including voltage 

losses, maximum current densities, and mass flow rates. Further de­

tails, including an example configuration and result, are provided in 

Appendix E.

The two applications use different data structures. A reflectometry 

measurement is a curve sampled on a momentum-transfer grid. A PEMFC 

sensor state contains eleven measured or derived quantities. VIPR rep­

resents both data types with the same DataSet container and processes 

them through the same five-step inference pipeline.

4 . Impact

VIPR facilitates implementation of new approaches to scientific in­

verse problems by integrating machine-learning-based inference into 

reproducible and configurable workflows. The main practical advan­

tage of VIPR is that complete inference workflows can be exchanged 

declaratively for the same dataset without modifying code. This al­

lows researchers to switch easily between different inference approaches 

within a unified and reproducible workflow, eliminating the need to 

write extensive custom code when testing a new algorithm.

The PEMFC example in Section 3.4 further shows that the same in­

ference pipeline can reconstruct operating parameters from sensor data 

through a separate domain plugin.

In particular, the framework supports the use of probabilistic models 

that can estimate the full posterior distribution of physical parameters, 

rather than providing a single-point estimate. This capability enables 

uncertainty quantification and the identification of multimodal solutions 
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Fig. 4. Clustered corner plot of posterior samples inferred from the experimental neutron reflectivity curve of a Pt/Fe thin-film sample [36].

Fig. 5. Model predictions evaluated at the centroids of the two posterior modes for a Pt/Fe thin-film system.

in ill-posed inverse problems, which traditional iterative fitting-based 

methods lack.

By providing single-shot estimates or posterior samples, VIPR ac­

celerates analysis compared to traditional iterative approaches. With 

probabilistic generative models, such as normalizing flows, it is possible 

to recover the full posterior parameter distributions within seconds, 

whereas traditional MCMC-based approaches would require signifi­

cant computation time (Section D). Thus, the framework enables rapid 

inference using pre-trained models, delivering near real-time results. 

This capability makes VIPR suitable for high-throughput experiments 
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Fig. 6. Comparison of polished reflectivity curves and SLD profiles for the Pt/Fe dataset. Solid lines: normalizing-flow cluster-centroid solutions (NSF Mode 1 and 

Mode 2). Dashed lines: Reflectorch solutions obtained under different prior bounds on the first-layer thickness.

Table 1 

Fit metrics for the four polished solutions. MAE and RMSE are com­

puted over the 92 measured 𝑄 points using the residuals log10𝑅fit −
log10𝑅exp.

Solution 𝑑𝐿1∕𝑑𝐿2 bounds (Å) MAE RMSE

NSF Mode 1 – 0.0652 0.0846

NSF Mode 2 – 0.0718 0.0926

Reflectorch point estimator 1–400 / 1–400 0.0335 0.0478

Reflectorch point estimator 1–50 / 1–400 0.0278 0.0350

and in situ measurements at modern X-ray and neutron facilities. 

Furthermore, VIPR can supply neural networks with additional inputs, 

allowing researchers to incorporate prior knowledge about the samples 

and/or the instrument into the model.

These capabilities have been validated on experimental neutron 

reflectometry data acquired at the MARIA reflectometer at MLZ, as de­

scribed in Section 3.2. In addition to standalone use, the VIPR framework 

is designed for integration into beamline data-acquisition workflows. 

For this purpose, the CLI enables automated execution within post-

processing scripts triggered upon measurement completion, supporting 

fully automated, rapid analysis. The web application, on the other hand, 

serves as an interactive environment for configuring and validating the 

inference pipeline, lowering the barrier for experimental scientists to 

adopt this tool and benefit from state-of-the-art machine learning mod­

els for reflectometry and beyond. It also supports interactive comparison 

of stored inference results obtained with different workflows, without 

requiring custom analysis scripts.

Finally, VIPR provides portable, reproducible, and standardized 

analysis workflows. The overall pipeline of preprocessing, model selec­

tion, prediction, and result generation is defined in a single portable 

YAML configuration file. This facilitates reproduction of analyses across 

different computing environments by simply sharing configuration

files.

5 . Conclusions and future work

We presented VIPR, a modular, plugin-based framework for 

machine-learning-driven solutions to scientific inverse problems. The 

framework enables configurable, extensible, standardized, and repro­

ducible inference workflows defined in YAML configuration files and 

executed via both command-line and web-based interfaces. This design 

supports both automated rapid analysis and user-friendly accessibility 

through an interactive graphical interface.

In this article, we demonstrated how VIPR can be applied to the 

domain of X-ray and neutron reflectometry through a dedicated do­

main plugin, showing how both deterministic and probabilistic deep 

learning models can be integrated within a straightforward pipeline to 

address ill-posed inverse problems. We also applied the same core infer­

ence pipeline to reconstruct PEMFC operating parameters from sensor 

data through a separate domain plugin. These two domain plugins show 

that VIPR can support different inverse problems without modifying the 

underlying core framework.

VIPR is currently deployed at the MARIA reflectometer at MLZ, 

where it provides fast data analysis with uncertainty estimation and near 

real-time parameter inference. In addition, we plan to expand the range 

of domain-specific plugins to support further inverse-problem applica­

tions. These developments aim to establish VIPR as a comprehensive 

platform for solving inverse problems using machine learning, enabling 

rapid, near real-time analysis during experiments.
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Appendix A . Deployment architecture

Appendix B . Code snippets

Listing B.1. Example VIPR reflectometry inference configuration for a 

deterministic model applied to experimental X-ray data with polishing 

by least-squares fit enabled.

Fig. A.7. Deployment architecture with asynchronous worker decoupling via Redis.
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Listing B.2. Example VIPR reflectometry inference configuration for a 

normalizing flow–based model applied to experimental neutron data 

with polishing by least-squares fit enabled.

Listing B.3. Example VIPR reflectometry inference configuration for a 

deterministic model applied to experimental neutron data with narrow 

prior bounds on layer thicknesses.

The broad-bounds variant (Fe_Pt_DN_Reflectorch_broad_bounds.
yaml) is identical to Listing B.3 except for the prior bounds on the 

first layer thickness, which are widened from 1–50 Å to 1–400 Å. The 

resulting diff is shown in Listing B.4.
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Listing B.4. Differences between the narrow- and broad-

bounds VIPR reflectometry inference configurations. Only 

the vipr.inference.prediction.parameters.prior_bounds.
thicknesses entry differs operationally; the result_id and

config_name entries are renamed to disambiguate runs. All other 

fields match Listing B.3.

Listing B.5. An example VIPR compare configuration that overlays 

the polished reflectivity and SLD profiles from the narrow-bounds, 

broad-bounds, and normalizing flow-based inference runs against the 

experimental neutron data.

Appendix C . Implementing a domain plugin

The following excerpts show how vipr-reflectometry registers its 

workflow components with VIPR. Further details are provided in the 

plugin-development guide, the inference workflow documentation, and 

the documentation of configurable hooks and filters.

Package discovery. The package exposes its load(app) function 

through the vipr.plugins entry-point group. VIPR invokes this function 

at start-up to register the plugin’s domain components.

Data loading. The csv_spectrareader loader reads momentum 

transfer, reflectivity, and optional uncertainties from a column-based 

text file and returns them as a batch-first DataSet.

Listing C.1. Plugin entry point and load(app) function in vipr-
reflectometry (simplified).

Listing C.2. Data-loader implementation in vipr-reflectometry (sim­

plified).

Listing C.3. Reflectorch model-loader and predictor pair (simplified).

Connecting a model and its inference routine. Each inference method 

contributes a model loader and a predictor. For the Reflectorch work­

flow, the model loader initializes the configured Reflectorch inference 

model. The predictor calls this model with the preprocessed reflectiv­

ity curve, its momentum-transfer grid and resolution, the prior bounds, 

and options controlling polishing least-squares fit and the calcula­

tion of reflectivity curves and scattering-length-density profiles. The 

returned dictionary contains the inferred layer parameters and, if en­

abled, the polished parameters and calculated curves and profiles. The 

normalizing-flow and PANPE workflows implement the same pair of 

interfaces.

Preprocessing and result generation. Before prediction, the in­

terpolation filter maps each measured curve to the input 

grid of the loaded Reflectorch model. After prediction, 

the INFERENCE_POSTPROCESS_PRE_PRE_FILTER_HOOK invokes

ReflectorchDataCollector.collect_prediction_results. The 
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Listing C.4. Reflectometry preprocessing and result collection (simpli­

fied).

Listing C.5. Connection of the registered reflectometry components 

through YAML (simplified).

method adds parameter tables and reflectivity and scattering-length-

density diagrams to the shared DataCollector.

Workflow configuration. YAML selects the handlers by their registered 

names and the filters by their classes and methods. Configured pa­

rameters are validated against the schemas declared by the respective 

components before execution.

Plugin scope. As a set of configurable components, vipr-
reflectometry provides two data loaders, three model loaders, 

three predictors, three model builders, three preprocessing filters, one 

post-prediction filter, and four postprocessing hooks. The package also 

includes example configurations and tests for the supported workflows. 

VIPR uses these components to execute inference. Model development, 

training, and scientific validation remain outside the framework.

Appendix D . Posterior sampling: normalising flow vs. MCMC

In Section 3.2, we show the results of sampling the distribution of 

parameter estimates for a given neutron reflectometry measurement. In 

contrast to models like Reflectorch [19] for point estimation, which yield 

a single prediction, sampling the posterior distribution provides esti­

mates of parameter uncertainties and can uncover ambiguous solutions. 

The distribution shown in Fig. 4 is sampled 𝑁 = 4000 times from the 

posterior distribution learned by an NSF in VIPR’s reflectometry plugin. 

Other Bayesian approaches include Markov chain Monte Carlo (MCMC) 

sampling. To cross-check these solutions, we use the emcee ensemble 

sampler [38], as implemented in the refnx package [7]. A quantitative 

comparison of learned neural posteriors against MCMC is beyond the 

scope of this work; for this we refer to [30]. Here, we only confirm the 

two solutions found by the NSF in Fig. 4 via MCMC and report indicative 

timings, without a strict benchmark comparison.

A key difference from MCMC, which explores the posterior for each 

input measurement, is that a normalizing flow must first be trained on 

the whole input parameter space; this cost is amortized over repeated, 

fast inference on many measurements. In VIPR’s main use case as an 

online inference pipeline, the low latency until a prediction is available 

matters more than the one-time training cost.

The NSF model used in Section 3.2 was trained on a single NVIDIA 

Tesla V100-SXM2-32 GB GPU in ≲ 12 h. Inference of 𝑁 = 4000 posterior 

samples takes 0.1 s on the same GPU or 1.2 s on a CPU (Intel Xeon Gold 

6136, 12 cores)—well within the time frame to support online decisions 

during experimental beamtimes.

Fig. D.1 shows a corner plot of the posterior distribution produced 

by refnx MCMC while covering the whole training parameter range of 

the NSF. This run was performed using the VIPR CLI and the VIPR-

reflectometry domain plugin, which also includes limited support for 

refnx fitting (differential evolution and emcee). GMM clustering was ap­

plied to the MCMC samples after thinning to identify the centroids of 

two modes. The MCMC approach finds the same two solutions with ex­

changed layer thicknesses as predicted by the NSF in Fig. 4. Even this 

large MCMC run did not converge. Achieving reliable convergence in 

this setting would require substantially more computation; the run time 

and hardware are given in the caption of Fig. D.1.

The emcee method is not ideal for multi-modal posteriors. The walk­

ers tend to remain near one mode and only rarely transition to the other. 

These rare transitions cause slow inter-mode mixing, which dominates 

the autocorrelation time; for the present run it is estimated as 𝜏 ≈ 4077
iterations. This estimate may not have stabilized even after 200 000 it­

erations and is therefore likely an underestimate. Transitions between 

the modes appear as trails of intermediate samples in the scatter plots. 

These samples increase the apparent background density and make the 

cluster centroids less stable. To obtain more stable cluster centroids, we 

applied a biased thinning procedure by selecting the highest-likelihood 

sample from each chain segment of length 𝜏 = 4077. The resulting 

sample density in Fig. D.1 should therefore not be interpreted as the pos­

terior density. The transition paths are particularly visible in the 𝑑𝐿2(𝑑𝐿1)
panel.

Instead of using wide prior bounds to expose multiple solutions, 

refnx+emcee is better used with narrow prior bounds, with MCMC pro­

viding a local uncertainty estimate for a single mode. In this case the 

autocorrelation time decreases to 𝜏 ≈ 400 iterations, hence a smaller 

run of 20 000 iterations (+2000 burn-in iterations) provides a suffi­

cient chain length (20 000 ≈ 50 ⋅ 𝜏, 𝜏 ≈ 400) for uncertainty estimation. 

This run with 24 walkers takes about 5 min on a single CPU (Intel Xeon 

Gold 6136, 12 cores), which is often too much latency for real-time 

experiment control.

While a similarly small run with wide prior bounds is insufficient to 

reliably identify the two solutions shown in Fig. D.1, a hint of modes can 

be seen when samples are not de-correlated. Taking this 5 min runtime as 

reference, amortization of the NSF model training cost would require less 

than 150 inferences. We want to remind the reader that the main limiting 
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Fig. D.1. Corner plot of the posterior distribution produced by MCMC for the Fe/Pt neutron reflectometry dataset, with chains of 200 000 iterations and 256 walkers 

After 2000 burn-in iterations. The Autocorrelation time is estimated at 𝜏 ≈ 4077 iterations. Biased thinning was applied (maximum-likelihood sample from each 

𝜏-window), yielding 12 559 effective samples. The run took about 10.5 h on two AMD EPYC 7702 64-Core CPUs.

factor in VIPR’s target applications is prediction latency. Reducing over­

all compute cost, including training, and hence amortization, is often 

not relevant.

Appendix E . PEMFC example configuration and output

Listing E.1 shows the complete YAML configuration used for the 

PEMFC example in Section 3.4. Preprocessing is implemented by the 

configured filter, while result collection is registered as a hook. The 

preprocess and postprocess handler entries therefore remain empty.

For each sensor state, VIPR generates 1000 joint samples from the 

conditional posterior distribution. For the sensor state at simulation 

step 41, Fig. E.1 shows histograms of the 1000 posterior samples for 

each of the nine reconstructed operating parameters. The dashed lines 

indicate the posterior mean values calculated from these samples.
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Listing E.1. VIPR configuration for PEMFC operating-state reconstruction.
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Fig. E.1. Histograms of 1000 posterior samples for the nine reconstructed PEMFC operating parameters at simulation step 41. Dashed lines indicate the posterior 

mean values calculated from these samples.

Data availability

A demonstrator that reproduces the results shown here is on GitHub.1

The demonstrator repository includes the upstream repositories of 

VIPR’s components (vipr-core,2 vipr-api,3 vipr-framework,4 vipr-
frontend5) and the reflectometry plugin vipr-reflectometry,6 which 

are hosted publicly on the infrastructure of the Helmholtz Association, 

as Git submodules. Detailed steps to reproduce the presented results are 

included in the repository’s README.md,7 including steps to retrieve the 

NSF model weights [36].
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