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This valuable work introduces HSSM, a flexible and modular Python toolbox for
hierarchical Bayesian estimation of sequential sampling models. By combining model
simulation, neural likelihood approximation, established inference backends, formula-
based regression, and support for trial-level covariates, HSSM could become a widely used
resource in cognitive and computational neuroscience. Evidence for the framework's
scope and core functionality is convincing, but support for its usability, computational
performance, and reliability is incomplete. The contribution would be substantially
strengthened by an executable end-to-end analysis, clearer exposition for non-specialists,
parameter and model recovery demonstrations, guidance on diagnostics and model
comparison, quantitative benchmarks, and a clearer delineation of HSSM's scope relative
to broader claims about neurocognitive modelling.
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Abstract
Computational models are central to cognitive neuroscience, but their rigorous application to
experimental datasets is often constrained to a narrow set of canonical models that afford
tractable analytical computations. We introduce the HSSM (Hierarchical Sequential Sampling
Model) ecosystem, a Python toolbox that democratizes access to a broad, extensible array of
neurocognitive process models through hierarchical Bayesian inference. Naturally leveraging
simulation-based inference via likelihood surrogates, HSSM enables fast parameter estimation for
models lacking closed-form likelihoods. Built atop PyMC and Bambi, HSSM provides a user-friendly
formula syntax for specifying hierarchical mixed-effects regressions on model parameters,
incorporating trial-by-trial neural or physiological covariates. The ecosystem allows fast model
simulation and training data generation, as well as the neural network training utilities to deploy
surrogate likelihood networks via HuggingFace. Contributions are designed to benefit not only the
single researcher working on a problem, but organically, the entire research community. Together,
the tools in the HSSM ecosystem bridge the interests of computational theorists as well as
experimentalists, accelerating the cycle from model development to rigorous empirical testing.

Introduction
Computational modeling has become pivotal to research in cognitive neuroscience and is
increasingly used to lend insights into mechanisms of mental illness (Huys et al., 2016     ; Friston et
al., 2014     ; Wiecki et al., 2014     ; Huys et al., 2021     ; Maia and Frank, 2011     ; Halassa et al.,
2025     ). For example, the ability to accumulate evidence and then balance the rewards and costs
associated with each choice is key to successful action selection. Failure in brain circuits governing
decision-making, learning, memory, and cognitive processes can lead to maladaptive behaviors,
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which characterize many psychiatric disorders. Neurocomputational models, spanning
implementational and algorithmic levels, have identified distinct neural mechanisms for a variety
of cognitive functions, affording tractable quantitative fits to brain/behavior relationships (Friston
et al., 2014     ; Huys et al., 2016     ; Halassa et al., 2025     ). By focusing on converging theoretical
and cognitive neuroscience evidence, this approach offers a quantitative and computational
interpretation of qualitative diagnostic features. There are two critical steps to this process: i)
linking neurocognitive dynamic processes to formal models that can be quantitatively tested
against experimental data; and ii) rigorous hierarchical Bayesian inference methods allowing
researchers to estimate the parameters of these models (and their uncertainty), including how
they vary with neural activity and across patient populations. Superior diagnostic classification
can be achieved using such methods compared to purely data-driven approaches, including in
patient populations with psychiatric or neurological disturbances (Geana et al., 2022     ; Wiecki et
al., 2014     ; Pedersen and Frank, 2020     ; Wiecki et al., 2016     ; Pagnier et al., 2024     ; Ging-Jehli et
al., 2024     ). The resulting parameter differences lend insight into brain mechanisms that
dissociate forms disorders of memory, impulsivity, compulsivity, social decision making, and
depression, amongst others (Lawlor et al., 2020     ; Banca et al., 2016     ).

As the field matures, it is increasingly important to move beyond standard popular models (Cisek
et al., 2009     ; Hawkins et al., 2015     ; Voss et al., 2019     ; Wieschen et al., 2020     ; Trueblood et al.,
2021     ; Fengler et al., 2022     ; Rasanan et al., 2024b     ,a     ) toward those that faithfully represent
underlying cognitive and neural processes. There are, however, two core problems that prevent
the broader research community from capitalizing on the full arsenal of theoretically meaningful
models. First, the landscape of software toolkits available for efficient fitting of neurocognitive
models is scattered. The overhead of working across disparate code bases, with little connective
tissue, often limits experimental scientists to relying on a set of popular, canonical computational
models and domain-specific toolboxes for testing against their experimental data. Second, many
models that are theoretically meaningful and motivated by neural and cognitive principles are
technically difficult to fit to experimental data. This crucial challenge stems from the lack of easily
accessible closed-form analytic likelihood functions for these models, which are needed for fast
Bayesian inference algorithms (Cranmer et al., 2020     ; Radev et al., 2020     ; Fengler et al., 2021     ;
Navarro and Fuss, 2009     ). In particular, while it is often trivial to specify a simulator for a given
generative model (going from model and “parameters to data”), the inverse problem is not so
simple. When interrogating a given experimental dataset, the challenge is to go the other way
around: to quickly infer which model and under which parameter configuration would have most
likely given rise to that pattern of data. Solving this inverse problem can be surprisingly
intractable even when forward simulation is straightforward. Box 1 provides a concrete
illustration.

As a result, the vast majority of researchers limit themselves to a small class of canonical models
with accessible likelihood functions for analytical convenience (Ratcliff, 2006     ; Brown and
Heathcote, 2008     ). Because these models might not be sufficient to account for the underlying
processes, this shortcut can result in misleading interpretations of model results. Indeed, our
predecessor toolbox, HDDM (Wiecki et al., 2014     ), collected more than a thousand citations through
applications, while limited to a single canonical cognitive process model, the DDM (Ratcliff,
2006     ). For many of these applications it is likely that alternative models may have been the
more realistic, but were not considered due to the simple lack of conveniently accessible software
infrastructure. While we eventually extended the HDDM toolbox (Fengler et al., 2022     ) in
recognition of our methodological developments (Fengler et al., 2021     ), our work here in turn
recognizes that HDDM was never fundamentally designed for the model-level flexibility that was
unlocked by the contemporary computational tools.

Recent methodological advances apply deep learning in combination with simulation-based
inference (Cranmer et al., 2020     ; Radev et al., 2020     ; Fengler et al., 2021     ; Miller et al., 2022     ;
Radev et al., 2023     ; Huang et al., 2026     ) to enable inference over a much larger spectrum of
models, without requiring analytical likelihoods. The corresponding approaches require access to
only a simulator for training a neural network that can learn the likelihoods (a likelihood
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approximation network or LAN; Fig 2     ), which can then be used for fast Bayesian inference
when fitting experimental data. (We note that there also exist simulation-based inference methods
for directly approximating posterior distributions (Radev et al., 2020     ; Tejero-Cantero et al.,
2020     ). While such approaches can be powerful, to date they do not lend themselves naturally to
arbitrary hierarchical designs or flexible estimation of how model parameters vary by neural
activity etc.)

To unlock the inherent potential to impact scientific workflows more broadly, the HSSM ecosystem
provides a collection of toolboxes that (i) allow computational experts to contribute new models
and methods (developer-API), and (ii) provides a user-friendly interface for experimental
scientists to rigorously interrogate their data (user-API). This allows researchers to not only fit a
broad array of models, but to easily construct statistical models to assess how their parameters
may vary with neural or other physiological activity, or whether they differ between healthy and
patient populations. It also provides functions that allow users to perform various model
validation checks, such as posterior predictive checks, dynamic cartoon plots of stochastic model
behavior, parameter recovery, and model selection.

Box 1.

Illustration of the forward-inverse asymmetry with a basic statistical example.

For intuition, consider a Bernoulli model that generates binary outcomes such as coin flips
with some probability θ. It is straightforward to generate a dataset by randomly generating 1’s
and 0’s according to θ. This is the forward process,

As a researcher we are however usually confronted with the problem of inferring p after
observing a random sequences of 1’s and 0’s. The usual Bayesian approach to this
problem makes use of the proportionality (Bayes’ Rule),

where p(θ|data) or p(θ|{1, 1, 0, …}) is the posterior, l({1, 1, 0, …}|θ) is the likelihood and
p(θ) is a suitable prior.

Notice that the process to generate (simulate) data via Bern(θ) (you could be physically
throwing coins) can be totally different from the computations you want to carry out when
evaluating the likelihood of some observed sequence following this process. Deriving the
likelihood may seem easy here (θ#1’s ∗ (1 − θ)#0’s), however in general it may be
mathematically tedious, hard or even impossible, even for models that can seem suspiciously
easy to generate data from. However for any traditional approach to Bayesian inference, it is
crucial to have the tractable likelihood term, otherwise we can not compute the right hand
side of Bayes’ rule. Such a tractable function has been derived and put to good use for some
cognitive process models, such as the drift diffusion model (DDM; Navarro and Fuss (2009     )),
however even minor variations of these drift diffusion models (which may be more informed
by neural dynamics, for example) render likelihood derivations and/or computations
intractable or at least computationally much more demanding. Indeed, the space of cognitive
models with tractable analytic solutions is far smaller than the space of popular or
theoretically interesting models(Cisek et al., 2009     ; Hawkins et al., 2015     ; Voss et al.,
2019     ; Wieschen et al., 2020     ; Trueblood et al., 2021     ; Fengler et al., 2021     ; Rasanan et
al., 2024b     ,a     ). Researchers have traditionally required computationally very expensive
Monte Carlo simulation methods for parameter fitting (Beaumont et al., 2002     ; Beaumont,
2010     ; Wood, 2010     ; Turner and Van Zandt, 2012     ; Turner and Sederberg, 2014     ; Turner
and Van Zandt, 2018     ; Huys et al., 2016     ). For many concrete use-cases — e.g. testing model
variants such as how parameters may vary by task condition, neural activity, or hierarchically
across many participants — such methods can take weeks for any individual model (Radev et
al., 2020     ; Tejero-Cantero et al., 2020     ).

{0, 1, 0,…} ∼ Bern(𝜃)

𝑝(𝜃 ∣ {1, 1, 0,…}) ∝ 𝑙({1, 1, 0,…} ∣ 𝜃)𝑝(𝜃)
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Figure 1. Basic Conceptual overview of the HSSM Ecosystem.

HSSM provides a platform for theoreticians and computational scientists to contribute (and stress test) new models and for
experimentalists to test their empirical data against a larger, expanding array of such models. The resulting cycle contributes
to accelerate translation between theoretical and experimental contributions to the field of computational cognitive
neuroscience.

Figure 2. Overview of the HSSM ecosystem.
The core ecosystem consists of three interoperable Python packages (left column) that span the end-to-end workflow from
cognitive model simulation to scientific analysis via Bayesian parameter inference (right panel). ssm-simulators provides
fast forward simulators for a broad, extensible set of cognitive process models, and produces the training data required for
likelihood surrogate approximation. LANFactory trains lightweight neural networks — likelihood approximation networks
(LANs), choice probability networks (CPNs), and omission probability networks (OPNs) — using JAX or PyTorch, and exports
them as ONNX files that can be uploaded to a shared HuggingFace repository for community reuse. HSSM is the user-facing
hub: it retrieves the relevant simulator and likelihood, combines them with user-supplied behavioral data and a formulaic
model description, constructs the model via PyMC and Bambi, and supports full Bayesian inference (MCMC, VI, MAP)
alongside posterior predictive plotting, diagnostics, and model comparison. The right panel traces the full pipeline from
forward simulation through likelihood amortization through to the inverse problem of parameter inference and downstream
scientific analysis.
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We hope to incentivize each community to interact with the HSSM ecosystem for the benefits
specifically tailored to their needs. Computational experts may benefit from a larger audience of
prospective users for testing their theoretical ideas. Access to a very broad set of cognitive models
and the ability to generate very flexible hierarchical models around such a model core, in turn,
helps experimentalists test manifold specific theories against their empirical data.

We will begin with an overview of the core contributions of our HSSM ecosystem. We then provide
a package-wise overview of the capabilities and contextualize design choices. Accordingly, we will
first explain the vision and principles behind the overall development and how the packages in
the ecosystem interact and support each other. Second, we will go through the core capabilities of
each, the HSSM, ssm-simulators and the LANFactory packages in turn. We will then discuss
related work and how HSSM fits into the overall landscape of software to support cognitive process
modeling. Finally, before we conclude, we will discuss planned future developments and our
approach to long-term support for the collection of tools presented in this paper. This long term
support has in mind developments to embrace a wide variety of emerging agentic workflows,
allowing scientists to achieve more without manual painstaking step-throughs of a pipeline for
each alternative model, as well as lower the barrier of entry for beginners from dataset to
hierarchical cognitive process models.

HSSM Ecosystem: Overview
At the core of our software ecosystem is the Hierarchical Sequential Sampling Modeling (HSSM)
Python package, which acts as the hub through which researchers can flexibly build and perform
parameter inference on complex hierarchical models tailored to the specifics of their
experimental datasets. The package is general and in principle supports *any* generative model of
behavior as well as how dynamic brain processes can dynamically alter these generative
processes within and across trials and/or experiment conditions. As an initial test bed we have
extended functionality for a wide range of SSMs and reinforcement learning models, including
any modular combination of the two (see the dedicated section below). Without loss of generality
we also will extend the package to include models of continuous reports (e.g., perceptual and
working memory judgments, continuous psychophysics, motor control and more) (Burge and
Bonnen, 2025     ; Rasanan et al., 2024a     ).

Leveraging recent deep learning based developments in simulation based inference (Cranmer et
al., 2020     ; Radev et al., 2020     ; Fengler et al., 2021     ), HSSM provides a simple model-building
interface with which users can easily construct hierarchical Bayesian models upon an expanding
and user-extensible list of neurocognitive process models. HSSM allows everything from standard
analytical closed-form likelihoods (Brown and Heathcote, 2008     ; Navarro and Fuss, 2009     ) when
available, to any kind of likelihood approximation (Fengler et al., 2021     ; Radev et al., 2023     ;
Boelts et al., 2022     ; Miller et al., 2022     ), including but not limited to those we have developed
and validated (Fengler et al., 2021     , 2022     ).

While we allow a range of algorithms to fit parameters, a core focus of HSSM is on Hierarchical
Bayesian estimation. This statistical approach optimizes the tradeoff between random and fixed
effects models, capitalizing on the complete dataset by naturally pooling information from the
group to inform estimation of individual subject parameters. Thus, the posterior distribution of
individual (θ) and group (λ) level parameters can be inferred from the data x as:

The method capitalizes on statistical strength shared across individuals, exploiting the extent
to which subjects are similar to each other, and optimizes the tradeoff between random and
fixed effects to improve parameter estimation. Model variants can be tailored to specific
hypotheses (e.g., effect of reward incentives or trial-wise brain activity on a given parameter),
and to test how model parameters may vary within- or between individuals e.g., due to stress,
symptoms, brain stimulation (Ging-Jehli et al., 2024     ; Pedersen et al., 2021     ; Kuhn et al.,
2025     ; Pagnier et al., 2024     ).

𝑃(𝜃,𝜆 ∣ 𝐱) = 𝑃(𝐱 ∣ 𝜃)𝑃(𝜃 ∣ 𝜆)𝑃(𝜆)/𝑃(𝐱)
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1.

Crucially, the abstract design of HSSM, in principle, allows essentially any cognitive model (and
beyond) to be incorporated here. We provide a range of models with HSSMfrom the outset,
including a wide variety of evidence accumulation models (DDM, LBA, race models with multiple
choice options, conflict models, etc), as well as interface for models that evolve over experience,
such as reinforcement learning models, as well as any combination of the two types of within- and
across-dynamics (see below). However, this flexibility is merely a sample of the expansion that our
framework allows.

The process of model building and estimation is seamless: once the user specifies a model, the
package selects the appropriate likelihood function — whether analytic, neural network based, or
some other surrogate — and users can then perform fully hierarchical Bayesian inference using
state-of-the-art Markov Chain Monte Carlo methods, including gradient-based samplers and GPU
acceleration, yielding speeds that are orders of magnitude faster than traditional simulation-based
approaches (Turner and Sederberg, 2014     ; Holmes, 2015     ). The main power of HSSM lies in the
ease with which these interpretable, low-dimensional computational models can be combined
with any trial-by-trial covariate (fMRI, EEG, spikes, eye-tracking, skin-conductance, etc.), using the
broadly popular Python programming language. This promises to substantially enhance discovery
of links between brain and cognitive dynamics across a wide range of phenomena, as well as how
these are altered in disorders of brain function. Through HSSM, experimentalists can access this
large bank of cognitive process models and benefit directly from innovations in likelihood
computation without requiring technical sophistication.

Conversely, HSSM serves as the front-end through which theoreticians and computational scientists
can make new models available to the community and benefit from wider adoption through a
trusted ecosystem which also provides tools for model validation. This connective tissue will
fundamentally enable a new paradigm for how computational and experimental scientists
interact, unlocking great potential for significant speedup of research cycles.

To support a prototypical and convenient end-to-end workflow for computational scientists, our
ecosystem contains two auxiliary packages. The ssm-simulator package is built to support fast
simulation for a broad, extensible class of cognitive process models. It integrates seamlessly with
the second auxiliary package, LANFactory, which allows users to train artificial neural networks
in the service of likelihood evaluation (Fengler et al., 2021     , 2022     ). LANFactory, in turn,
integrates seamlessly with HSSM: once a likelihood network is trained, it is made available for all
users to test the corresponding model against their data across any inference setting, without
requiring more computationally costly simulations or network training. All tools are constructed
with the following principle in mind to motivate adoption: be maximally helpful for beginner
users, and minimally intrusive on workflow choices for expert users. For example, users can
contribute any other likelihood evaluator to HSSM even if it is not trained through LANFactory. We
showcase examples of such a workflow via likelihood ratio estimators extracted form the
BayesFlow python library (Radev et al., 2020     ). More on the core development principles behind
our ecosystem below. Lastly, as we will show later, HSSM itself has developer and advanced APIs to
allow people to siphon off useful components and use them directly through low-level
probabilistic programming libraries such as PyMC (Abril-Pla et al., 2023     ).

Components and Interplay
The HSSM ecosystem consists of three underlying Python packages, designed for maximum
interoperability but without sacrificing the ability to use any of them independently. If a user
would like to simply have access to a fast and flexible simulation package, ssm-simulators has
independent utility, without necessarily tying it to probabilistic modeling in HSSM. Conversely,
HSSM users can fit models to their data and run prior and posterior predictive checks without
needing to concern themselves with such functions leverage the ssm-simulators. No aspect of
HSSM forces a user into explicit knowledge around it’s simulation backend. However if users are
interested in the intersections, the modularity of the ecosystem serves as a powerful engine for
contribution and creative usage of the components.

ssm-simulators. The ssm-simulators package provides fast trajectory simulation from a
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2.

3.

1.

2.

3.

large variety of SSMs (including any new user-defined custom models). This allows, (i)
visualization of model behavior, (ii) prior and posterior predictive checks and (iii) the training
data foundation for downstream training of likelihood surrogates (amongst other things)
(Fengler et al., 2021     ; Leng et al., 2024     ).
LANFactory. The lightweight LANFactory package interfaces naturally with the structure of
training data coming out of ssm-simulators and is used to train LANs (and the related CPNs
and OPNs; see text and details in the section dedicated to the LANFactory package). These
networks can then be converted into ONNX format and uploaded to HuggingFace for the
larger community to benefit from within and outside of HSSM.
HSSM. The HSSM package is the heart of the ecosystem, built around PyMC (Abril-Pla et al.,
2023     ), enabling statistical workflows around Hierarchical Bayesian Inference and model
validation. Users can access a range of underlying cognitive process models (including a wide
variety of sequential sampling models) and construct parameter-wise hierarchical mixed-effect
regressions with full freedom on the specification of priors. Model construction is facilitated via
the Bambi (Capretto et al., 2022     ) library. The ssm-simulators package provides the
forward simulators, and the LANFactory package provides the surrogate Likelihoods for
analytically intractable models. HSSM combines these pieces flexibly.

The packages can be used together, however they also serve as independent end-points. A user
may want to access the fast simulators in the ssm-simulators package, without worrying about
either likelihood approximation nor any downstream parameter inference. Likewise, a user may
want to train a LAN on a model that ssm-simulators fundamentally doesn’t support. Lastly, and
we recognize this as the most likely case, an experimentalist may want to use HSSM in isolation,
without concerning themselves explicitly with network training nor any user-facing simulation
code logic. For this last user, ssm-simulators and LANFactory serve as solid (but not necessary)
bedrock for model contributions to the ecosystem, not as independently used entities. Figure 2     
provides a conceptual breakdown of the ecosystem design.

Our packages are unified by the following overall design principles:

Flexibility. High ceiling, low floor. We provide guidance without strict guardrails. We develop
key abstractions to be helpful for the beginner user who wants the shortest path to empirical
data analysis, as well as low-level access points for the advanced user who want full
controllability to use bits and pieces of the ecosystem inside their custom workflows.
Extensibility. Designed for community contribution. Our abstractions prioritize user
extensibility, to enable community contributions with minimal intervention points.
Innovation Inheritance. Benefit from and support the broader ecosystem. We designed the
ecosystem so that it can benefit from continual innovations happening in the network of
upstream dependencies, including probabilistic programming and simulation based inference.

We will return to these principles and extensions in the discussion section. In what follows, we
first provide a detailed breakdown of each of the basic packages in the HSSM-ecosystem.

HSSM
Place in the Ecosystem
HSSM is the user-facing hub of the ecosystem, where simulation and likelihood approximation
converge to enable principled statistical inference. It draws on simulators registered in ssm-
simulators for forward modeling, analytical or surrogate likelihoods trained via LANFactory (or
supplied by other means) for parameter estimation. It seamlessly combines these components
transparently behind a high-level model-building interface. For the majority of end-users —
experimentalists fitting models to behavioral and neural data — HSSM is the only package they
need to interact with directly. At the same time,HSSM is designed to be a component in broader
workflows rather than a closed system. Its low-level API exposes reusable PyMC distributions, and
its compiled log-probability functions can be extracted and passed to external sampling libraries.
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This positions HSSM not only as the downstream consumer of the ecosystem’s other packages, but
also as a flexible model-construction engine that researchers can integrate into their own
computational pipelines. Figure 3      provides a conceptual breakdown of the package design.

Core Functionality
The HSSM package provides four interrelated capabilities that together support an end-to-end
Bayesian modeling workflow for cognitive process models.

First, HSSM offers a high-level model construction interface through which users specify a
cognitive process model, define hierarchical mixed-effects regression structures on its parameters,
and assign prior distributions — all via a concise formula syntax inherited from Bambi. This
allows users to express complex experimental hypotheses (e.g., that drift rate or learning rate
varies by condition and is modulated by trial-wise neural activity, with random intercepts across
participants) in just a few lines of code.

Second, HSSM provides likelihood source management. For each registered model, the package
helps with the selection of the appropriate likelihood function — whether an analytical closed-
form expression, a LAN-based neural network surrogate, or a user-supplied custom function.
Beginner users can rely on defaults and interacts with a uniform interface regardless of the
underlying computational machinery.

Third, through PyMC (Abril-Pla et al., 2023     ) HSSM supports multiple inference backends. Users
can perform fully hierarchical Bayesian inference via Markov Chain Monte Carlo sampling
(including gradient-based samplers such as NUTS), variational inference, or optimization-based
point estimation, all through a consistent API. GPU acceleration is available for compatible
backends, which, in particular, the neural network based likelihoods can use to great effect,
yielding inference speeds that can be orders of magnitude faster than traditional simulation-based
approaches.

Fourth, HSSM includes a suite of model validation and visualization tools. These include posterior
and prior predictive checks, quantile probability plots for assessing fit to choice-RT distributions,
and model cartoon plots that overlay inferred parameters onto visual representations of the
generative process. Together with native integration with ArviZ for standard diagnostics (trace
plots, summary statistics, model comparison via WAIC and LOO), these tools support rigorous
assessment of model adequacy.

Example: Loading Data

Box 2.

The cavanagh_theta dataset

The example dataset used throughout this paper is derived from Cavanagh and Frank
(2014     ), who employed a probabilistic selection task (Frank et al., 2004     ). Participants first
learned the reward probabilities of three stimulus pairs through trial-and-error feedback: AB
(80%/20%), CD (70%/30%), and EF (60%/40%). In a subsequent test phase — the portion used
here — they chose between all possible pairings without further feedback, yielding three
condition types: win–win, lose–lose, and win–lose. The columns used in this paper are rt
(response time in seconds), response (binary choice), stim (trial condition: WW, LL, WL),
participant_id, and theta (trial-wise frontal-midline EEG theta power, used here as a
continuous neural covariate). We note that, occasionally, to simplify figures didactically, we
collapse the two “high conflict” conditions in the stim column.

HSSM ships with an example dataset which we call “cavanagh_theta”. This dataset is inherited
from the predecessor HDDM toolbox (Wiecki et al., 2014     ). See Cavanagh and Frank (2014     ), for
details on the underlying study from which the dataset derives, however for convenience, in Box 2
we explain the aspects that help the reader understand the examples in this paper.
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Figure 3. Architecture of the HSSM package.
HSSM is designed around two complementary APIs at its core: the high-level API (HSSM class, RLSSM class, etc.) constructs
hierarchical Bayesian models automatically from user-supplied data, model choice, formulae, and priors; the low-level API
exposes pre-assembled PyMC random variables and supports embedding HSSM likelihoods in entirely custom PyMC models.
The likelihood layer accommodates multiple sources, including surrogates produced via LANFactory, BayesFlow, or sbi
and deployed through JAX, ONNX, or PyTensor. Forward simulators are drawn from ssm-simulators for prior and posterior
predictive sampling; users can supply their own. The assembled model is a standard PyMC distribution and can be fit with a
wide range of inference backends — gradient-based MCMC via NUTS, NumPyro, or BlackJax; variational inference; MAP
estimation; or external samplers. Outputs are compatible with ArviZ diagnostics and HSSM’s plotting utilities, and models can
be persisted via native save/load methods. See Figure 3—figure supplement 1      for the full internal architecture. Figure 3—
figure supplement 1     . HSSM Conceptual Architecture: Detailed

Box 2—figure 1. Simplified task structure for the “cavanagh_theta” dataset.

Training pairs (top) and example test-phase pairings with corresponding stim values (bottom).
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Listing 1      shows how to load this dataset. We will utilize this data as a running example for the
remainder of our hssm code-snippets, wherever possible. Occasionally, we will rely on simulated
data.

HSSM can check for models that are fully registered in the ecosystem, i.e. those for which we have
both a simulator and a valid likelihood available, providing all ingredients to construct PyMC
random variables. A fully registered model implies that we will be able to do parameter inference
as well as forward simulation, the latter facilitating prior and posterior predictive sampling. Listing
2      shows how to get the current list of fully supported models.

The HSSM documentation shows a variety of ways in which the package can handle partial
construction (e.g., if we only provide a custom likelihood, ignoring the simulator during
exploratory workflows). Users will be warned about the loss of particular levels of functionality
when exploiting this flexibility.

Example: Minimal HSSM Workflow
In this section we showcase the minimal version of what working with HSSM looks like in practice.
Relying on defaults, we can accomplish a basic Bayesian workflow in very few lines of code. We
reuse our “cavanagh_theta” dataset throughout.

First, we instantiate an HSSM model, passing the dataset and the type of cognitive process model
we would like to test (here “ddm”). The print method provides rich textual output on all important
aspects of the model: Parameters that are fit, priors for each, lapse probabilities as well as the
chosen lapse distribution. The .graph() method allows us to leverage graphical model
representations produced via PyMC (Abril-Pla et al., 2023     ).

To perform parameter inference via the standard PyMC NUTS sampler implementation and
reasonable default settings you can use the simple, argument-less call
“hssm_model_simple.sample().

Once we have our posteriors, which we can access either via our returned, idata_simple, or by
making use of the attached .traces object.

This is an arviz.InferenceData object, and we can now simply use it to access ArviZ (Kumar et
al., 2019     ) functionality (e.g. the plot_trace function as illustrated).

Specifying Regressions
HSSM allows you to specify arbitrary hierarchical mixed-effect regressions on each of the core
parameters of our chosen cognitive process model. The Bambi (Capretto et al., 2022     ) backend
constructs the parameter wise design matrices.

In our example below, we chose the “angle” model (see Box 3), defaults for model parameters t, z
and theta (the angle of the boundary collapse) and we add a regression to a and v.

In particular, we let the a parameter vary by our stim dimension (a categorical variable, referring
to the specific type of visual stimuli, “low conflict” or “high conflict”), and we let the v parameter
vary by stim, as well as a random intercept via the “(1|participant_id)” term.

Bambi allows us to change from centered to non-centered parameterizations (Gelman, 2004     ;
Betancourt and Girolami, 2015     ; Papaspiliopoulos et al., 2007     ) via the noncentered argument.

The non-centered parameterization is often useful in the context of hierarchical models, however
it is no cure-all and we suggest the user actively explore this setting and the scenarios in which it
may or may not help with convergence. A full theoretical discussion is beyond the scope of this
paper, however Box 4 provides a quick intuitive explanation. In future work we will allow this
parameterization to target each parameter individually to provide greater freedom in dealing with
parameterization related convergence issues.

Box 3.

Running example: The angle DDM
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Listing 1. Loading a dataset that is included in the HSSM package.

Listing 2. Getting the list of models currently supported in HSSM
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Listing 3. Illustrating a specified HSSM model.

We provide a custom string for a simple readout of prior choices and the cognitive model parameters. Inheriting from the
PyMC ecosystem, we can also get a simple graphical model depiction of our model via the graph method.
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Listing 4. HSSM natively returns ArviZ idata objects which hold our traces from a model fit.

We can then access the full plotting capability of ArviZ to illustrate results. We showcase the basic trace plot above.
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Box 3—figure 1. Schematic of the angle DDM.
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The standard drift diffusion model (DDM) describes a two-alternative decision as a noisy
accumulation of evidence toward one of two flat decision boundaries (Ratcliff, 2006     ). It is
parameterized by a drift rate x (rate of evidence accumulation), a boundary separation a
(distance between the two decision boundaries), a starting point z ∈ [0, 1] (relative bias
toward one of the two boundaries), and a non-decision time t (time spent on processes other
than evidence accumulation, e.g., perceptual encoding and motor execution). The decision
variable X(τ) evolves over within-trial time τ according to:

where W (τ) is a standard Wiener process and σ is a noise scale (typically fixed). A
response is recorded when X(τ) first reaches −a (lower boundary, response = −1) or a
(upper boundary, response = +1). The observed reaction time is τ + t, where τ is the first-
passage time. For this model, an analytical likelihood is available (Navarro and Fuss,
2009     ) and forms the basis of much of the SSM literature. The angle DDM (Fengler et al.,
2021     ; Hawkins et al., 2015     ) extends the standard DDM with a single additional
parameter θ that determines the angle of linearly collapsing decision boundaries: the
upper boundary becomes a − tan(θ) ⋅ τ and the lower boundary becomes −a + tan(θ) ⋅ τ.
When θ = 0, the angle DDM reduces exactly to the standard DDM.

Jointly modeling across- and within-trial decision dynamics: RL-
SSMs
Recent work in computational cognitive science has increasingly focused on models that
incorporate higher-order cognitive processes (e.g. learning, control, memory) into the trial-wise
dynamics of decision making (Pedersen et al., 2017     ; Miletić et al., 2021     ; Fontanesi et al.,
2019     ; Ballard and McClure, 2019     ; Fengler et al., 2022     ). In contrast with the conventional
paradigms (such as perceptual discrimination and lexical decisions) that assume trial observations
to be i.i.d., this class of models induces sequential dependencies across trials. This in turn enables
researchers to formalize and test richer and more expressive theories of cognitive processes that
modulate decision dynamics, including trial-and-error learning, load-dependent cognitive control,
and memory-guided action selection (Bera et al., 2025     ; McDougle and Collins, 2021     ).

A canonical class of such models is Reinforcement Learning – Sequential Sampling Models
(RLSSM). It combines the across-trial learning dynamics with the within-trial decision dynamics to
jointly account for the choice and response time distributions (Figure 4     ). The core idea is that
the learning process and the decision process are not independent but jointly generate the
observed behavioral data. In the simplest version, RLSSMs replace the softmax action selection
with an SSM, so that the trial-wise value estimates from the RL process feed forward as drift rates
into the evidence accumulation process. This creates a generative model for the full joint
distribution p(choice, RT ∣ parameters) on every trial, where the drift rates are non-stationary
because they depend on the evolution of learned valuations.

Box 4.

Centered vs. non-centered parameterizations of hierarchical models

Hierarchical models are most intuitively written in their centered form. For a random-
intercept regression in which each participant j has an intercept βj drawn around a group
mean μ with group standard deviation σ:

This is conceptually clean but can produce posteriors with awkward geometry: as we
explore the posterior space, when we propose small σ’s, the conditional distribution over
βj collapses to a point at μ, producing a so-called funnel. Hamiltonian Monte Carlo

samplers — including NUTS (Hoffman et al., 2014     ), the default in PyMC (Abril-Pla et al.,
2023     ) — use a single global step size and cannot efficiently navigate both the wide
upper region and the narrow neck of this funnel simultaneously, biasing exploration

𝑑𝑋(𝜏) = 𝑣𝑑𝜏 + 𝜎𝑑𝑊(𝜏), 𝑋(0) = −𝑎+ 𝑧 ⋅ 2𝑎, 𝜏 ∈ [0,𝑇 ]

𝛽𝑗 ∼𝒩(𝜇,𝜎), 𝑗 = 1,… , 𝐽
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Figure 4. Reinforcement Learning - Sequential Sampling Models (RLSSM).
RLSSM is a canonical example of combining across-trial cognitive processes such as reinforcement learning (RL) alongside
within-trial decision processes such as DDMs and other SSMs. The DDM trial-by-trial parameters are modified via RL, e.g., to
capture how the value of decision variables may evolve with experience or feedback in the task. The model produces a joint
distribution of choice and RT distribution. More generally, the across-trial RL process could be swapped with other dynamic
cognitive processes such as Bayesian updating, latent state models of attentional processes or modulatory models of
cognitive control. Similarly, the within-trial DDM process can be replaced with any suitable decision models (e.g., Angle DDM,
race models such as LBA to account for n>2 choice behaviors, etc). Likelihoods for the entire joint RL-SSM process can be
differentiable and used with either analytic or likelihood-free methods (e.g., LANs).
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near the apex (Betancourt and Girolami, 2015     ). The problem can be subtle: divergence
counts and  values are sometimes flat enough to look healthy even when the sampler
has missed important posterior mass, or you see a high divergence count, even though
the chains look ostensibly healthy in turn.

The non-centered reparameterization (Papaspiliopoulos et al., 2007     ; Gelman, 2004     )
samples a standardized offset and applies the location/scale transform after the fact:

The key is that the two forms describe identical posteriors over βj, but the sampler now

explores the standardized , whose geometry is independent of the setting of σ — the
funnel disappears (or in other words, is undone).

The choice is however not unconditional. Centered tends to be preferable when each group is
well informed by the data (the pull of the βj’s toward 0, via small σ settings is resisted), while
non-centered tends to win when groups are sparsely observed and prior geometry dominates
(Betancourt and Girolami, 2015     ; Papaspiliopoulos et al., 2007     ). HSSM inherits Bambi’s
default of non-centered parameterization for normal hyper-priors on grouped parameters
(Capretto et al., 2022     ) and exposes the choice via the noncentered argument.

HSSM includes the RLSSM class to allow flexible construction of such RLSSM models in a user-
friendly manner. Like the SSMs, the class also supports regression models to allow neural or other
covariates to inform any model parameter, including the learning process or decision process.

More generally, HSSM provides ready abstractions to work with a broad class of models, beyond
RLSSMs, that involve longer-timescale, across-trial cognitive processes informing the dynamics of
a shorter-timescale, within-trial decision process. This can include Bayesian updating, hidden
markov models of task states, optimization of speed accuracy tradeoffs with experience, etc. The
analytical or LAN-based likelihoods for the decision process can be flexibly combined with
cognitive processes that operate across trials and longitudinally affect the decision process
parameters. These can be specified via simple Python callables. All other core HSSM features —
hierarchical modeling, regression links to external covariates, variational inference, etc. — are
naturally inherited.

Example
For simple illustration, we consider a two-armed bandit task where, on each trial, a participant
selects one of two options, each delivering a binary reward. The task used three reward-contrast
conditions, similar to the probabilistic selection task (Frank et al., 2004     ): AB was the easiest
condition with 0.90/0.10 reward-probability split between the choices, CD had an intermediate
0.75/0.25 split, and EF was the hardest condition with a weaker 0.60/0.40 split. These probabilities
have to be learned from experience with each choice. For each condition, the agent independently
maintains value estimates Q(ai) for each action, updated after each trial via the delta rule:

(1)

where α is the learning rate and rt is the continuous reward received. Although HSSM can

support basic RL with softmax choice, here we showcase an example whereby the choice rule
has dynamics described by the angle DDM (see Box 3). A single accumulator drifts with
Gaussian noise toward one of two absorbing boundaries, with the drift rate on trial t set
proportional to the current value difference:

(2)

The user specifies a learning process function that computes trial-wise decision parameters
from the model’s free parameters and the observed trial history. HSSM then evaluates the
decision process log-likelihood (whether via surrogate likelihood or analytical form) over the

𝑅̂

𝛽𝑗 ∼𝒩(0, 1), 𝛽𝑗 = 𝜇+ 𝜎 ⋅ 𝛽𝑗

𝛽

𝑄(𝑎𝑖)𝑡+1 = 𝑄(𝑎𝑖)𝑡 + 𝛼 ⋅ (𝑟𝑡 −𝑄(𝑎𝑖)𝑡) ,

𝑣𝑡 = 𝑠 ⋅ (𝑄(𝑎1)𝑡 −𝑄(𝑎2)𝑡) .
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Listing 5. Specifying a hierarchical model with regression backends on the “a” and “v” parameters of the
“angle” DDM with HSSM.

HSSM allows multiple approaches to specifying such regressions. Here we show the recommended procedure, via the
include argument and a list of hssm.Param objects.
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resulting parameter trajectories. The input DataFrame must contain columns for response
time (rt), response label (response), and any additional fields required by the learning
process (e.g., feedback). A participant identifier column (participant_id) is also required.
The trials should be ordered correctly to reflect the observed sequence of stimuli and
feedback presentation. Listing 6      shows how this model is constructed. Once the RLSSM
model is constructed, fitting proceeds via the standard .sample() interface inherited from
the base HSSM class, as shown in Listing 7     . Figure 5      shows how RLSSM jointly captures
the choice and RT distributions in the dataset.

Native Plots
Beyond the ability to interface directly with the large arsenal of diagnostic plots that ArviZ (Kumar
et al., 2019     ) provides, HSSM includes three types of plots to help with sequential sampling
models.

The first is the basic .plot_predictive function. The plot is freely configurable and allows us to
plot the basic choice-RT distributions from n-choice models. If we are dealing with a two choice
model, RTs for which the choice was −1 (i.e. lower boundary choices), will be plotted on the
negative RT axis. For models which more than two choices, color determines choice and all
distributions are on the positive interval. The plot can naturally be used for both plotting the prior
as well as the posterior predictive. By default it uses as parameters the mean prior/posterior,
however it allows explicit representation of uncertainty.

Second, HSSM ships with a configurable quantile probability plot (Ratcliff and Tuerlinckx, 2002     ),
via the .plot_quantile_probability() method. Quantile probability plots are designed to
show how choices and RT distributions vary by task condition (see WL, LL, WW on top of the x-axis in
Listing 9     , rt quantiles. Quantile probability plots are widely applied diagnostic tools in the
context of sequential sampling models and help parcel out, with a single glance, the joint changes
in reaction time distributions and choice probabilities, when moving across different conditions in
a given experiment.

For each condition we have two choices with respective choice proportions (Proportion on the a-
axis). For each choice we then have the quantiles for the corresponding reaction time distribution.
The dotted lines here represent the real data. (In the case of continuous experimental covariates
one can still display these into “conditions” here, by simply binning the data into n-levels.)

The plot_quantile_probability() method then allows us to plot whether these patterns of
choices and RT distributions are expected from the model given the uncertainty over its
parameters. We can pick the type of visualization (“ellipse” was chosen in our illustration),
where the ellipse shows the 95% highest density interval on where the data are expected to lie
(again both choice proportions and corresponding RT quantiles) for each task condition. The
model is a good fit if the data lie within the ellipses. While we preferably want the ellipses to form
a tight bound around their corresponding data-points, many factors, such as the number of trials
per participant, the group level parameter variance across participants etc., play a role in what an
‘expected good outcome’ may be in a particular modeling situation.

Listing 9      shows an example, based on our cav_data dataset. Figure 6      shows an example that
contrasts two model fits, where the underlying data is simulated with collapsing bounds, and two
separate models are then fit to the data. Ignoring the collapsing boundaries in this example shifts
the mass of the incorrect choice distributions away from the data distribution. This is because the
fitted fixed boundary has to adjust to compensate for the true collapsing boundary, and thus
errors are expected to be made in earlier RT quantiles than are consistent with the data. Thus, QP
plots are useful for visualizing how data may be expected under posterior uncertainty, but they
are also helpful for identifying where model fits may be lacking.

Third, HSSM comes with, what we call, model cartoon plots via the plot_model_cartoon()
function. These plots integrate a visual of the underlying cognitive process model with the
posterior predictive. As the other two plots, model cartoon plots are highly customizable. Users
can turn on and off various elements of the cognitive process model, decide whether or not to
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Figure 5. Posterior predictive checks for the RLSSM model.
Here the Q learning rule is used and the decision process is Angle (linear collapsing bound DDM), but either process can be
replaced with other learning rules or SSMs. Top: early-trial choice accuracy, shown as the probability of choosing the high-
reward option across binned condition trials. Empirical trajectories are shown with solid lines and markers, while posterior
predictive simulations are shown with dashed lines; thin translucent lines show individual simulated datasets. Bottom:
condition-wise signed response-time distributions, where upper-boundary/best-option choices are positive and lower-
boundary/worst-reward choices are negative. Across AB, CD, and EF reward-contrast conditions, the model captures both the
learning-related separation in choice accuracy and the broad structure of the response-time distributions.

Listing 6. Basic RLSSM model configuration in HSSM.

The RLSSMConfig object ties together the choice of decision process (here, the angle DDM with an approximate
differentiable likelihood), the learning process (here, delta rule with an analytical update), and the data columns required by
the learning rule.
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Listing 7. Fitting an RLSSM model with the numpyro backend, and inspecting the posterior summary.

The hierarchical regression interface, NUTS samplers, and ArviZ-compatible outputs are all inherited unchanged from the
core HSSM class.

Listing 8. Basic posterior predictive plots for 2-choice models.

The plot_predictive method allows for large stylistic and computational flexibility. We highlight the predictive_group
argument, which specifies whether we would like plot the prior or the posterior predictive.
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Figure 6. Quantile probability plots for visualizing model fits to data, comparing a true and misspecified
model
This figure illustrates how QP plots can identify features of the data that the model may predict or miss. Here data is
generated synthetically from a model with linearly collapsing boundaries, and then fit with that same model (left) or with the
simple DDM (right). The ellipses, reflect the uncertainty (HDI) of where the data are expected to lie for both choice probability
in each condition (x-axis) and corresponding RT quantiles (y-axis). For the true model, the data are well within the expected
uncertainty of the model for both choice and RT quantiles in each condition. For the misspecified model (right), the model
misses some of the RT quantiles, in particlar error are expected to be faster than observed empirically. While synthetic, to
maintain harmony with the rest of our examples, the data here is otherwise structured as the “cavanagh_theta” dataset.

Listing 9. HSSM ships with quantile probability plots (Ratcliff and Tuerlinckx, 2002     ), via the
plot_quantile_probability method.

The plot has various computational and visual knobs that can be adjusted to specialize it to a particular scenario. We
highlight the get quantile_by argument, which establishes at which level quantiles are being computed. If e.g. (as
illustrated) the argument is set to “participant_id”, we compute quantiles first per participant, then aggregate. The
ellipses reflect the uncertainty of the quantiles and choice probabilities in line with the chosen aggregation process.
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include posterior uncertainty as a plot element. Listing 10      provides an example using the
cav_data dataset. Figure 7      provides a didactic overview of the construction of the model
cartoon plots, to aid comprehensive at a glance.

Advanced: Low-level API
We include in HSSM a low level interface for advanced users, who may wish to work directly with
PyMC. This includes two types of utilities. First, pre-constructed random variables, for named
models shipped with the toolbox. These can then naively be used in a given unrestricted PyMC
model. This is illustrated in the figure and code in Listing 11     . Second, we provide convenience
functions so that users can, with few lines of code, construct their own PyMC random variable, by
putting together a simulator (optional, but convenient to let PyMC automatically handle prior and
posterior predictive sampling) and a likelihood function. These utilities are designed to be easy to
use especially with simulators from the ssm-simulators package and likelihoods derived from
LANFactory, however they are not restricted to this setting. We show multiple examples for each
case in the documentation. The likelihood constructors, can themselves downstream be used for
fully custom workflows and fitting procedures.

Advanced: Construct Model and Exit the Ecosystem
As expressed earlier, we treat HSSM as a modular component in scientific workflows. If desired a
very large fraction of common workflows for computational cognitive process modeling can be
covered via the HSSM ecosystem. However, if a user finds a particular component useful, we try to
emphasize entry and exit points so that the component can be used in isolation, instead of
attempting to lock users into more aspects of our vision that they wish to partake in.

The code example above illustrates how to use HSSM as a model construction engine, however then
leave the framework to use e.g. a completely different sampling engine downstream, which may
even live entirely out of the broader PyMC ecosystem. The key is that we can exploit HSSM to
construct the underlying model, compile the graph as a function and simply use this function to
our liking downstream. We show an example, in which we interface with the zeus library for
MCMC sampling (Karamanis et al., 2021     ) after model construction.

ssm-simulators
Place in the ecosystem
Within the HSSM ecosystem, ssm-simulators serves as the foundational layer upon which the
other packages are built. Its simulators provide the forward models that HSSMuses for prior and
posterior predictive sampling, and its training data generation pipelines produce the structured
datasets that LANFactory consumes to train surrogate likelihood networks.

Beyond this technical role, ssm-simulators is the natural entry point for community
contributions to the ecosystem. Theoreticians who wish to make a new cognitive process model
available to the broader research community can implement it here. The path to downstream
availability is then streamlined: if analytic likelihoods are not available, training data can be
generated via the built-in pipeline, a likelihood surrogate can be trained via LANFactory, and the
resulting model becomes immediately testable against experimental data via HSSM.

We note that ssm-simulators is equally usable as a standalone simulation library. Researchers
can simply use it to explore model behavior and generate synthetic datasets to be used
downstream for any task, without needing to engage with any other aspect of the HSSM ecosystem.

Core Functions
Following the mermaid diagram in Figure 8     , the ssm-simulators package is meant to achieve
the following two core functionalities. First, this package serves as the basic simulation engine we
use in the HSSM ecosystem. The core simulators are accessible via the Simulator class.
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Figure 7. Anatomy of the model cartoon plot.

The plot is built in layers. (a) The structural elements of the cognitive process model are overlaid on the response time axis:
here, the decision boundaries, non-decision time (dashed line), drift trajectory (with boundary crossing marked by a red star),
and the choice-conditioned response time histogram evaluated at the posterior mean. (b) Posterior uncertainty is added by
overlaying many samples from the posterior predictive distribution (grey shading). (c) The observed data are added in blue,
allowing direct visual comparison with the posterior predictive. Each element can be toggled independently via keyword
arguments.

Listing 10. Model cartoon plot for a two-choice SSM.

The plot_model_cartoon() function visualizes the fitted cognitive process model alongside the observed data. Blue
histograms show observed response time distributions (plotted on the negative axis when the choice was −1 and on the
positive axis otherwise). Overlaid in grey are individual sampled decision trajectories from the fitted model, with boundary
crossings marked in red. The black curve traces the mean posterior predictive distribution. Dashed vertical lines indicate the
non-decision time. Users can toggle trajectories, posterior uncertainty, axis layout and various other stylistic elements via the
keyword arguments.
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Listing 11. Low level API.

This listing shows how we can use random variables that are shipped with HSSM directly inside custom PyMC models.
Advanced users can use this lower level interface to build much more ambitious models than feasible via the current base
HSSM class.

Listing 12. External samplers.

This listing showcase how we can compile the log-likelihood function of a given HSSM model (we are accessing the underlying
PyMC model directly) and downstream use it to serve as the basic likelihood to be called through entirely different MCMC
sampler libraries. The zeus library serves as a convenient example to showcase how we can seamlessly exit the entire PyMC
ecosystem while making HSSM do useful groundwork for us nevertheless.
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Figure 8. Architecture of the ssm-simulators package.

The package provides two core functionalities: forward simulation of cognitive process models via the Simulator class, and
a modular training data generation pipeline that combines configurable likelihood estimators and sampling strategies to
produce structured datasets for downstream likelihood approximation (e.g. via LANFactory, connectors to the sbi (Tejero-
Cantero et al., 2020     ) and the BayesFlow (Radev et al., 2020     ) libraries exist). Figure 8—figure supplement 1     . ssm-
simulators Conceptual Architecture: Detailed
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Via this class we are able to access a wide range of pre-implemented (and extensible list of)
cognitive process models. Below is a basic example:

The second core function of this library is to provide a training data generation pipeline, to produce
structured datasets that can be used for visualization or model behavior and, when needed,
Neural Network training for purposes of likelihood approximation. This functionality is
implemented in a modular manner. The user passes configurable components (Estimators and
Training Data Strategies) into a training data pipeline, represented by the
TrainingDataGenerator class. Estimators here represent an approach to get training signals for
likelihood evaluations: ssm-simulators includes two types of Estimators out of the box. The
respective abstractions invite the community to provide others. A Training Data Strategy is an
algorithm to sample (rt, c) pairs for evaluation by the Estimator.

To provide a concrete example of this distinction, an Estimator is an algorithm to provide
likelihood evaluations that can be used at training time. For a given parameter set, we might
construct a KDE (Węglarczyk, 2018     ) from simulations, as proposed for the original LAN training
pipelines (Fengler et al., 2021     ). This KDE can then be evaluated for (rt, c) pairs, which opens up a
rather large set of options. Should we sample from the process itself? Should we evenly distribute
over choices c and evaluate rt with uniform spacing in some interval [0, rtmax)? The Training Data
Strategy provides a concrete decision on how to query a constructed Estimator on a given
parameter set. Together, the Estimator and the Training Data Strategy provide a complete
training data pipeline for which the TrainingDataGenerator acts as an orchestrator. Below is a
simple example to invoke each of the core functionalities. Figure 8      provides a conceptual
breakdown of the package design.

Listing 13      shows how to run a basic simulation. The logic is simple. First, the user instantiates a
Simulator class, passing the name of a registered model. The user can then invoke the
.simulate() classmethod to perform simulations. The theta argument, which allows the passing
of model parameters, is flexible and allows users to pass scalar or vectors for each parameter, via
a numpy arrays or a dictionary with parameter names as keys. If the user passes a vector for any
parameter, the simulator treats the length of this vector as the number of trials and n_samples
will act as the number of samples for each trial. The sim_out variable is a Python dictionary with
three keys: “rts” and “choices” which hold the core simulation output and “metadata” which
holds a host of extra information about the simulator call itself to help with identification
downstream.

Example: Training Data Generation
Listing 14      provides a simple way to run training data generation for a basic default pipeline,
which uses KDE based estimators to generate training labels.

Example: Training Data Generation via CLI
The ssm-simulator package comes with a simple YAML configurable command line interface,
which helps users create training data from registered models with a highly simplified interface.
Listing 15      shows the simple terminal command to launch training data generation.

LANFactory
Place in the Ecosystem
LANFactory occupies the middle layer of the ecosystem, bridging the gap between simulation and
inference. It consumes training data produced by ssm-simulators and outputs ONNX-formatted
(Bai et al., 2019     ) neural networks thatHSSM can download and deploy as differentiable surrogate
likelihoods. The standardized pipeline from training through ONNX conversion to HuggingFace
upload ensures that any new model contributed via ssm-simulators can be made inference-
ready with minimal friction. As with the other ecosystem components, LANFactory is designed to
be optional rather than obligatory. Users who obtain likelihood approximations through other
means — whether from analytical derivations, numerical solvers such as PyDDM (Shinn et al.,
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Listing 13. Simulation of the angle DDM using ssm-simulators

Listing 14. Basic training data generation for the “angle” DDM with ssm-simulators

Listing 15. ssm-simulators CLI interface for training data generation from YAML configuration files.
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1.
2.

2020     ), or alternative neural density estimators such as those from BayesFlow (Radev et al.,
2020     ) — can bypass LANFactory entirely and supply their likelihoods directly to HSSM. In this
sense, LANFactory provides the default and most streamlined path for contributing surrogate
likelihoods, but it is not a gatekeeper.

Core Functionality
The LANFactory package provides the glue between the the training data generators in ssm-
simulators and the likelihood constructors in HSSM.

The package is responsible for training neural networks that serve as surrogate likelihood
evaluators for analytically intractable cognitive process models. It accepts structured training data
— typically produced by the ssm-simulators package — in which parameter configurations are
paired with estimated log-likelihood values at sampled (rt,c) points, and uses these to train
lightweight feedforward networks via either JAX or PyTorch.

The package supports three network types: likelihood approximation networks (LANs), which
approximate the full log-likelihood surface; choice probability networks (CPNs), which estimate
the probability of each choice given model parameters; and omission probability networks (OPNs),
a special case of CPNs used for modeling omission trials (i.e., when no response is recorded) (Leng
et al., 2024     ). Once trained, networks are converted to the ONNX format for framework-agnostic
deployment and can be uploaded to the ecosystem’s HuggingFace repository, from whichHSSM
retrieves them automatically at model construction time.

In keeping with the ecosystem’s modular design philosophy, LANFactory is built to be extensible.
Users can incorporate custom network architectures beyond the default feedforward design, and
the training loop is configurable via YAML files or direct Python API calls. The package is not,
however, a prerequisite for contributing likelihoods to HSSM — it provides the most streamlined
path for doing so, while leaving room for alternative approaches. Figure 9      provides a
conceptual breakdown of the package design.

Example: CLI Training Workflow
The LANFactory documentation includes a full set of tutorials on how to train each type of
network via both JAX as well as PyTorch. While the pure python interface remains low code for
end-users, to keep code snippets succinct in this illustrative paper, we will only show the CLI
workflow, which is exceedingly simple.

We have three steps in the process: First, train the network for which we have the jaxtrain and
torchtrain commands. Second, transform to ONNX for which we have the transform-onnx
command. Third, upload to HuggingFace, for which we finally have the upload-huggingface
command.

Network training produces two core files per training run:

A network configuration
A set of trained weights

These get passed to transform-onnx to produce a single .onnx file. The HuggingFace upload
finally includes the .onnx file, the network\_config.pickle file and a Model Card, a string
description of about the network and underlying simulator with a simple usage example for HSSM.

Related Work
The widespread adoption of sequential sampling models in cognitive neuroscience has been
catalyzed by the availability of some accessible software toolboxes (Wiecki et al., 2014     ; Ahn et al.,
2017     ; Shinn et al., 2020     ). However, as the field has advanced toward larger datasets, more
complex hierarchical models, the integration of neural and learning dynamics, and more and
more variations of the underlying cognitive process models, a larger strain is being put on the
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Figure 9. Architecture of the LANFactory package.

The package trains surrogate likelihood networks (LANs, CPNs, OPNs) from training data produced by ssm-simulators,
using either JAX or PyTorch backends. Trained networks are converted to the ONNX format and uploaded to HuggingFace for
deployment within HSSM or elsewhere. Figure 9—figure supplement 1     . LANFactory conceptual architecture, detailed.
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Listing 16. LANFactory CLI interface.

Three core commands (i) torchtrain (or the JAX equivalent) to train the network (ii) transform-onnx to generate the
ONNX files and (iii) upload-huggingface to upload the network to our HuggingFace database.

Listing 17. LANFactory Model Card.

A model card is associated with every uploaded model in the HuggingFace database.
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existing package ecosystem to keep up with the demands of experimentalists. We review what we
consider contemporarily the most relevant alternatives to HSSM below, organized by the
methodological niche each occupies, and summarize the comparison in Table 1     .

HDDM: The predecessor
For the past decade, the standard for hierarchical Bayesian modeling with SSMs was the HDDM
(Wiecki et al., 2014     ) Python toolbox, developed in our own lab and used in over 1000 published
studies. HDDM pioneered hierarchical Bayesian estimation of drift diffusion models in Python,
introduced support for trial-by-trial neural regressors down the line, and was later extended with
LANs to support a broader class of SSMs and reinforcement learning variants (Fengler et al.,
2022     ). However, HDDM is built on the deprecated PyMC2 (Patil et al., 2010     ) backend, which
notably is not yet built around an autodiff framework (Paszke et al., 2019     ; Phan et al., 2019     ),
introduced with PyMC3 and beyond, rendering it increasingly difficult and worthwhile to install,
maintain, and extend. The regression interface in HDDM, moreover, did not fully support proper
hierarchical mixed-effect regression, rendering some natural model candidates untestable for
experimentalists. While the LAN extension majorly expanded the reach of HDDM into broader
model classes, the support is limited since the differentiability of the underlying neural networks
could not really be exploited natively through HDDM.HSSM is designed as the direct successor,
migrating the ecosystem to modern PyMC (Abril-Pla et al., 2023     ), adding JAX-based (Phan et al.,
2019     ) hardware acceleration while preserving and extending the core capabilities that drove
HDDM’s adoption.

Tools based around Fokker Planck Equations
A few toolboxes have been developed with a focus on fast numerical solutions to solve Fokker
Planck equations, which can in turn be leveraged to model a large collection of SSM variations,
specifically enabling complex within trial dynamics to be incorporated. In particular the PyDDM
(Shinn et al., 2020     ) and PyBEAM (Murrow and Holmes, 2024     ) libraries are based on this
numerical foundation.

PyDDM is well-engineered, uses highly efficient numerical solvers (Thomas, 2013     ) and provides a
useful GUI for model exploration. However, to the authors’ knowledge, PyDDM is restricted to two-
choice diffusion models, does not currently support race models (Heathcote and Matzke, 2022     ),
LBA variants (Brown and Heathcote, 2008     ), or n-choice architectures, and is moreover focused
on maximum likelihood estimation rather than hierarchical Bayesian inference. It also does not
natively support trial-by-trial neural regressors or hierarchical mixed-effect structures.

PyBEAM (Murrow and Holmes, 2024     ) extends the Fokker-Planck approach to a broader class of
binary evidence accumulation models, supporting phenomena such as leaky integration, urgency
signals, and time-varying evidence. It integrates with PyMC for Bayesian inference, however is
also restricted to two-choice models, does not have an easy user-interface for hierarchical mixed-
effects regressions, and does not provide built-in trial-by-trial neural covariates or domain-specific
validation plots.

Its model space, while broader than the classical DDM, remains narrower than what simulation-
based inference methods can accommodate and it wasn’t a priori designed for extension to those
methods.

HSSM complements PyDDM by incorporating its numerical solvers as an alternative likelihood
source within the ssm-simulators training data pipeline. Downstream the HSSM ecosystem then
provides the hierarchical Bayesian inference layer that PyDDM lacks.

In other work, we explore some of the strength and weaknesses of Fokker Planck based
approaches, in particular focusing on the implementation in PyDDM, to motivate fast analytical
algorithms for a particular class of SSMs (Liu et al., 2025     , 2026     ). In fact PyDDM (Shinn et al.,
2020     ) specifically struggles with trial-wise definition of parameters, because this undercuts the
free reuse of a once computed solution on a collection of trials, a driver of inference speed in the
toolbox. The surrogate (Fengler et al., 2021     ), as well as fast analytical (Navarro and Fuss, 2009     )
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Table 1. Feature comparison of likelihood-based software packages for cognitive process modeling.
· = fully supported, ◦ = partial or limited support, – = not supported. “Hierarchical Models” refers to full hierarchical estimation
with group and subject parameters. “Trial-by-trial covariates” refers to incorporation of continuous trial-level measures (e.g.,
neural activity, learning signals) as predictors of model parameters. “Full LMER” refers to lmer-style formula-based
specification of between- and within-subject effects on model parameters, including random slopes and intercepts. “RL-SSM
integration” refers to built-in support for combining reinforcement learning with sequential sampling models. “Surrogate
models” refers to support for models lacking closed-form likelihoods via learned likelihood approximations (e.g., neural
networks). “User Extensible” refers to the ability for users to add new models or likelihood functions without modifying the
package source code. BayesFlow, which targets amortized posterior estimation and surrogate likelihood training via a
fundamentally different paradigm, is discussed in the text but omitted from this comparison.
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likelihoods that we rely on in HSSM, benefit from batch computation and are inherently defined
trial-wise. This enables fast likelihood computation in HSSM, regardless of the presence of trial-
wise or solely global parameter specifications of the underlying cognitive process model.

R Language
Beyond the Python ecosystem, several robust toolboxes have been developed in the R
programming language. EMC2 (Stevenson et al., 2026     ) is a particularly capable framework that
supports hierarchical Bayesian estimation of multiple SSM families with a growing corpus of
included models (as of this writing including the DDM, LBA, racing diffusion model (RDM), as well
as lognormal race models (LNR)) EMC2 uses Particle Metropolis within Gibbs (PMwG) sampling
(Kuhne et al., 2026     ) and offers a linear modeling language for mapping model parameters to
experimental designs. The framework supports custom user-defined likelihoods, flexible
covariance structures (diagonal, blocked, or full multivariate normal) for modeling individual
differences, and comprehensive model comparison via marginal likelihoods and Bayes factors. Its
PMwG sampler is well-suited for posteriors with strong parameter correlations.

Notably, EMC2 (Stevenson et al., 2026     ) includes a “trends” system that allows trial-by-trial
covariates and enables the inclusion of built-in learning rules that can be used to combine with
reinforcement learning paradigms.

For researchers working within the R ecosystem on analytically tractable SSMs, EMC2 is arguably
the most feature-complete option currently available.

However, while they share many similarities, the EMC2 andHSSM packages differ quite
fundamentally in their architectural philosophy, with consequences for extensibility and future-
proofness. EMC2 is designed as a self-contained package: sampler, likelihood functions, design
language, and plotting infrastructure are all implemented internally. This benefits tight
integration, but implies that improvements to EMC2 must be driven by the EMC2 community itself.

HSSM, by contrast, is designed as a node in a broader ecosystem of independently maintained
packages. It delegates probabilistic programming to PyMC (Abril-Pla et al., 2023     ) and NumPyro
(Phan et al., 2019     ), regression syntax to Bambi (Capretto et al., 2022     ), diagnostics to ArviZ
(Kumar et al., 2019     ), auto-differentiation to JAX/PyTensor (Phan et al., 2019     ; Team TTD et al.,
2016     ), and likelihood storage to HuggingFace (Jain, 2022     ).HSSM then provides targeted
functionality that points this integration of specialized packages in a direction that is particularly
helpful for cognitive process modeling, but acts in large part as an orchestrator.HSSM therefore
places itself to naturally inherit improvements from any of these upstream packages — for
example, new samplers contributed to PyMC, NumPyro (Phan et al., 2019     ), or BlackJax (Cabezas
et al., 2024     ) become immediately available — without requiring internal changes toHSSM itself.
Another natural example are the continuous improvements to ArViZ, which benefit easy model
comparison, exploratory analysis and Markov chain diagnostics (Vehtari et al., 2021     ; Vats and
Knudson, 2021     ; Sivula et al., 2025     ).

This architectural difference has a direct bearing on the intractable-model problem that motivates
the HSSM ecosystem. While EMC2 could in principle incorporate surrogate likelihoods (e.g., via R
interfaces to Keras or Torch), doing so would require substantial internal engineering because
EMC2’s PMwG sampler is not built on a general-purpose probabilistic programming framework
with native support for arbitrary differentiable log-probability functions.

We also mention hBayesDM (Ahn et al., 2017     ) which provides hierarchical Bayesian estimation
across a curated library of reinforcement learning and decision-making tasks using Stan. It offers
user-friendly interface and covers a broad range of task paradigms (e.g., Iowa Gambling Task,
Go/NoGo, delay discounting). However, hBayesDM (Ahn et al., 2017     ) uses pre-compiled Stan
models, making it difficult for users to add new models without Stan expertise. It is fundamentally
focused on choice probabilities (e.g., via softmax) and provides only limited SSM support (standard
DDM and LBA), without arbitrary mixed-effects regression on model parameters, trial-by-trial
neural covariates, or simulation-based likelihood approximation.
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Joint RL-SSM Modeling
A major frontier in cognitive modeling is the simultaneous fitting of choices and continuous
reaction time distributions while linking model parameters to trial-by-trial learning dynamics. The
RLSSM package (Fontanesi et al., 2019     ) addresses this directly by combining reinforcement
learning with sequential sampling models (DDM, RDM, LBA variants) using PyStan for hierarchical
Bayesian estimation. However, rlssm relies on a fixed menu of pre-compiled Stan models with
limited extensibility and depends on the now-deprecated PyStan 2 (Van Hoey et al., 2013     ). HSSM’s
RLSSM class is designed to supersede this approach through a combinatorial framework: rather
than pre-compiling each RL-SSM combination, HSSM allows users to dynamically pair arbitrary
learning rules with any registered decision process model. The resulting RLSSM model then
inherits the ability to specify trial-level regressions on any of the fundamental parameters of the
combined model.

Amortized Inference
BayesFlow (Radev et al., 2020     ) is a general-purpose library for amortized Bayesian inference
using deep generative networks. BayesFlow (Radev et al., 2020     ) was originally designed to train
networks that directly output posterior distributions, enabling near-instantaneous inference after
an upfront training phase, but was recently extended to include some network architectures and
learning algorithms which target likelihood surrogates. BayesFlow (Radev et al., 2020     ) is model-
agnostic and has been applied across many scientific domains.

HSSM embraces integration with BayesFlow as a provider of high quality likelihood
approximations. The package is focused more strongly on the learning algorithms than an
exploratory scientific workflow via Bayesian modeling. We hence consider it upstream of
packages like HSSM and, while important to mention as a powerful tool in the broader simulation
based inference and scientific machine learning community (Cranmer et al., 2020     ), we consider
it out of scope for a detailed direct comparison.

Summary
The existing landscape is characterized by a tradeoff between flexibility and accessibility. Packages
that support flexible model specification (PyDDM, BayesFlow) tend to lack hierarchical regression
infrastructure, while those that provide hierarchical Bayesian estimation with formula syntax
(EMC2, hBayesDM) rely on analytical likelihoods or fixed model libraries.HSSM is designed to
resolve this tradeoff by combining an extensible, simulation-based approach to likelihood
computation with a full-featured hierarchical regression interface, domain-specific validation
tools, and a modular ecosystem architecture that encourages community contributions. To our
knowledge, no existing package provides the combination of all features listed in Table 1     

Future Developments
The HSSM ecosystem is currently in beta status with well defined and tested core functionality.
However, fundamentally, this establishes only a solid beginning with many directions for
enhancements in vision.

First, we will incorporate more model classes. This includes models that intersect with our applied
research initiatives, as well as models that have borne out general interest in the computational
cognitive science community. Specifically, we are working on the inclusion of that embed within-
trial dynamics which can vary according to other dynamic covariates such as moment-to-moment
attention, a known special case of this framework is the attentional Drift Diffusion Model (Krajbich
et al., 2012     ). We leverage recent developments concerning fast and accurate methods for
estimating such models (Liu et al., 2026     , 2025     ). Other candidates are circular diffusion
models, as well as race models. Additionally, we are planning to cover a wider range of learning
rules to be used through our RLSSM class, as well as more choice only models.
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Second, we are planning to simplify our ability to draw approximate likelihoods from a variety of
upstream sources. Our documentation includes a first example on how we can leverage the
BayesFlow (Radev et al., 2020     ) as well as the sbi (Tejero-Cantero et al., 2020     ) packages to
generate likelihood to be used downstream through HSSM. We are planning to deepen this
integration and add other source packages for likelihood approximation such as PyDDM (Shinn et
al., 2020     ), which is already incorporated as an alternative training data generator in the ssm-
simulators package. A core piece to a smooth user-experience on this front will be the
homogenization of our Hugging-Face repository across different likelihood sources.

Third, we are planning to leverage recent developments in the capabilities of large language
models and corresponding agentic workflows. The modular design of the ecosystem — simple
simulator and training data generation APIs, configurable likelihood constructors, and a high-level
model-building syntax that maps cleanly to natural language descriptions of experimental
hypotheses — makes its core components well-suited for emergent paradigms of workflow
orchestration. Each step of a typical computational modeling pipeline (simulate from a candidate
model, generate training data for a likelihood surrogate, construct a hierarchical regression, run
inference, evaluate fit via posterior predictive checks, iterate) can be expressed as a self-contained
function call with structured inputs and outputs. These design choices make programmatic
orchestration feasible in a way that more monolithic or GUI-dependent toolboxes may struggle to
support.

We are pursuing this vision along two complementary fronts. The first is didactic: improving the
user experience of the ecosystem through LLM-assisted interaction. Our ecosystem already
contains a self-improving question-answer bot, HSSMeister, which can answer user questions
across all ecosystem packages. The second concerns the automation of the modeling workflow
itself. We are developing HSSMCortex, a library that builds toward automated ecosystem
extensions such as the integration of new cognitive models, and a collection of agent skills that
help standardize the developer experience and harmonize contribution standards across the
ecosystem. Beyond these internal initiatives, we see potential for more ambitious automation —
an agent that, given a dataset and a set of candidate models, autonomously runs parameter
recovery checks, fits competing models, compares them via information criteria, and surfaces the
results as a structured report. Frameworks such as LangChain (Chase, 2022     ), are ideally suited
for building super-structures for highly elaborate exploratory workflows which has the potential
to severely reduce the tedium in iterating on small model adjustments, allowing researchers to
focus on the bigger picture.

Long-term maintenance of the ecosystem
The modular architecture of the ecosystem is deliberately built to absorb research progress on
multiple fronts without requiring disruptive internal changes. At the simulation layer, the ssm-
simulators package can be extended to incorporate alternative simulation backends: for
example, using the Rust programming language as a backend (Matsakis and Klock, 2014     ) instead
of our current Cython code (Behnel et al., 2010     ) for performance-critical models. Users will then
be able to access the resulting simulators through the same high level interface that currently
exists. At the training data layer, new generation mechanisms can be incorporated into the
modular TrainingData class to serve the demands of alternative downstream libraries such as
BayesFlow (Radev et al., 2020     ) and the sbi toolbox (Tejero-Cantero et al., 2020     ), broadening
the set of surrogate likelihood sources available to the ecosystem. At the likelihood layer,
LANFactory can be extended to accommodate novel neural network architectures; HSSM’s flexible
likelihood constructors are designed to absorb these improvements automatically, both for
inference and for fast prior and posterior predictive sampling via the linked simulators in ssm-
simulators.

Our ecosystem interacts with a foundation of dependency packages that are continually enhanced.
First, it depends on the PyMC (Abril-Pla et al., 2023     ) probabilistic programming library to
construct computational graphs from model specifications. In the spirit of maintaining a high
degree of flexibility, PyMC allows access to a host of different libraries which can be used for
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performing parameter inference on probabilistic models, including NumPyro (Phan et al., 2019     )
and BlackJax (Cabezas et al., 2024     ). Second, our toolkit depends on some auto-differentiation
libraries, but again we maintain a high degree of flexibility, allowing any of Jax (Frostig et al.,
2019     ), Pytorch (Paszke et al., 2019     ) as well as PyTensor (Al-Rfou et al., 2016     ) as backends.
Together this set of dependencies allows us to benefit from advances in probabilistic
programming, advances in deep learning as well as a solid foundation on the scientific python
stack.

Building on PyMC (Abril-Pla et al., 2023     ) as the model construction foundation also opens the
door to modular compositional classes that bring combinatorial modeling capabilities to end-users
— an approach we are already exploring with our RLSSM class (combining decision processes with
learning processes), and which can be extended in future work to e.g. GLM-HMM (Generalized
Linear Model - Hidden Markov Model) frameworks or time-series approaches to lapse trial
identification.

Conclusions
A successor to the widely used but now outdated HDDM toolbox (Wiecki et al., 2014     ),HSSM
distinguishes itself from existing alternatives (Radev et al., 2020     ; Piray et al., 2019     ; Murrow
and Holmes, 2024     ; Shinn et al., 2020     ; Stevenson et al., 2026     ) through the combination of
several properties that, to our knowledge, no single package currently provides: support for a
large and growing bank of models with transparent likelihood management (analytic or
surrogate), fully hierarchical between- and within-subject modeling with trial-wise neural
regressors, gradient-based and GPU-accelerated inference, and a suite of domain-specific
validation and visualization tools including posterior predictive checks, quantile probability plots,
and model cartoon plots.

Critically, the ecosystem is designed not merely as a tool for end-users but as a platform for
community contribution — the streamlined path from simulator to trained likelihood to registered
HSSM model is intended to incentivize theoreticians to make their models available for empirical
testing, creating a virtuous cycle between model development and experimental application. By
providing a shared substrate with durable connective tissue, the ecosystem aims to reduce the
reliance on project-specific, often unmaintained code-bases that currently still fragment our field
and to broaden the range of theoretical models that experimental data can be tested against.

Built on the mature probabilistic programming foundation of PyMC (Abril-Pla et al., 2023     ) and
Bambi (Capretto et al., 2022     ), the ecosystem is positioned to benefit from ongoing advances in
computational statistics, deep learning, and simulation-based inference. Looking ahead, we plan to
substantially expand the array of supported model classes, deepen integration with alternative
likelihood sources, and explore the use of agentic workflows to automate and accelerate the
iterative modeling process. We believe that the HSSM ecosystem can serve as the connective tissue
between theoretical and experimental contributions to computational cognitive science —
ultimately accelerating the research cycle from theory to empirical insight across both basic
science and clinical applications.
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Supplementary figures

Figure 3—figure supplement 1. A more complete view on the architecture of the HSSM package. HSSM serves
as the user-facing hub of the ecosystem and is designed around two complementary APIs (blue block). The high-
level API centers on the HSSM class and consumes model and parameter configurations — including regression
setup and optionally prior choices — to construct a full hierarchical Bayesian model automatically. The low-level
API exposes the underlying pre-assembled PyMC distributions, allowing advanced users to build entirely custom
PyMC models while retaining access to HSSM’s cognitive process model likelihoods. The likelihood layer
accommodates multiple sources — analytical closed-form expressions, neural network surrogates loaded from
ONNX (via either JAX or PyTensor), and blackbox user-provided functions — alongside forward simulators drawn
from ssm-simulators for prior and posterior predictive sampling (users can provide their own if desired). The
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assembled likelihood node is a standard PyMC distribution and can be fit with a wide range of inference backends
(yellow block): gradient-based MCMC via PyMC NUTS, NumPyro, or BlackJax; variational inference (ADVI, FullRank
ADVI); MAP estimation; or external samplers. Outputs are compatible with ArviZ diagnostics and HSSM’s
proprietary plotting utilities, and models can be persisted via native save/load methods.
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Figure 8—figure supplement 1. Architecture of the ssm-simulators package.
The package provides two core functionalities: forward simulation of cognitive process models via the Simulator class, and
a modular training data generation pipeline that combines configurable likelihood estimators and sampling strategies to
produce structured datasets for downstream likelihood approximation. The package has a modular organization across level
of functionality. Simulators can be constructed natively via ssm-simulators or e.g. via the PyDDM backend (Shinn et al.,
2020     ) (with a vision toward extension). Training data generators are designed to combine different types of likelihood
estimators as training signals for downstream networks (currently implemented are likelihoods based on PyDDM (Shinn et al.,
2020     ) and our native approach following (Fengler et al., 2021     ).
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Figure 9—figure supplement 1. Detailed architecture of the LANFactory package.
The package is configured through a central YAML file, optionally invoked via the jaxtrain and torchtrain CLI commands.
The configuration drives three parallel substructures: network configuration (architecture choice and target network type —
LAN, OPN, or CPN), training configuration (batch size, optimizer, and other hyperparameters), and data loading (parallelized,
shuffled feature/label data, typically produced by ssm-simulators). The training subsystem provides parallel JAX and
PyTorch implementations via the JaxMLP and TorchMLP class abstractions, both feeding into a unified training loop. Trained
weights are exported to ONNX and uploaded to HuggingFace for downstream consumption by HSSM or other tools.
Throughout training, an optional MLflow integration logs metrics, stores artifacts, and tracks data lineage to support
reproducible network development.
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Data availability
The present work illustrates computational workflows with new tools. The code is published on
github, and in particular as a collection of installable python packages. No new data is in
particular associated with this work.
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https://huggingface.co/franklab/HSSM     .

Use of AI tools in manuscript preparation
During preparation of this manuscript, the authors used Claude (Anthropic) as an editorial and
writing assistant. This includes: feedback on draft structure and argumentation; refinement of
prose for clarity and consistency; drafting initial versions of pedagogical content and figure
captions, all subsequently reviewed, revised, and approved by the authors; assistance with LATEX
formatting and troubleshooting; and design assistance for schematic figures.

All scientific claims, model specifications, code, software implementations, citations, empirical
examples, and analytical content presented in the paper were authored and verified by the human
authors. No portion of the analysis, methodology, or findings was generated by AI. All AI-assisted
draft material was reviewed and edited by the authors before inclusion.

AI tools were integrated in the later phases of the underlying software development, in line with
emerging modern software engineering workflows.

Funding

Funder Grant reference number Author

HHS | NIH | National Institute of Mental

Health (NIMH)
P50 MH119467-01 Michael J Frank

Neuroscience

https://doi.org/10.7554/eLife.112168.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://github.com/lnccbrown/HSSM
https://lnccbrown.github.io/HSSM/
https://github.com/lnccbrown/ssm-simulators
https://lnccbrown.github.io/ssm-simulators/
https://github.com/lnccbrown/LANfactory
https://lnccbrown.github.io/LANfactory/
https://huggingface.co/franklab/HSSM
https://elifesciences.org/subjects/neuroscience


Fengler et al., 2026 eLife 15:RP112168.  https://doi.org/10.7554/eLife.112168.1 43 of 49

HHS | NIH | National Institute of Mental

Health (NIMH)
P50 MH106435-06A1 Michael J Frank

DOW | USN | Office of Naval Research (ONR) MURI AwardN00014-23-1-2792 Michael J Frank

HHS | National Institutes of Health (NIH) S10OD025181

Carlos Paniagua

Aisulu Omar

Yang Xu

Author ORCID iDs
Alexander Fengler:  https://orcid.org/0000-0002-0104-3905
Krishn Bera:  https://orcid.org/0000-0002-0356-4659
Michael J Frank:  https://orcid.org/0000-0001-8451-0523

References
Abril-Pla O, Andreani V, Carroll C, Dong L, Fonnesbeck CJ, Kochurov M, Kumar R, Lao J, Luhmann CC,
Martin OA, et al. (2023) PyMC: a modern, and comprehensive probabilistic programming framework
in Python. PeerJ Computer Science 9:e1516 https://doi.org/10.7717/peerj-cs.1516 | PubMed

Ahn WY, Haines N, Zhang L (2017) Revealing Neurocomputational Mechanisms of Reinforcement
Learning and Decision-Making With the hBayesDM Package. Computational Psychiatry 1:24‑57 
https://doi.org/10.1162/CPSY_a_00002 | PubMed

Al-Rfou R, Alain G, Almahairi A, Angermueller C, Bahdanau D, Ballas N, Bastien F, Bayer J, Belikov A,
Belopolsky A, et al. (2016) Theano: A Python framework for fast computation of mathematical
expressions. arXiv  https://doi.org/10.48550/arxiv.1605.02688

Bai J, Lu F, Zhang K, et al. (2019) ONNX: Open Neural Network Exchange. GitHub.  
https://github.com/onnx/onnx

Ballard IC, McClure SM (2019) Joint modeling of reaction times and choice improves parameter
identifiability in reinforcement learning models. Journal of Neuroscience Methods 317:37‑44 
https://doi.org/10.1016/j.jneumeth.2019.01.006 | PubMed

Banca P, Lange I, Worbe Y, Howell NA, Irvine M, Harrison NA, Moutoussis M, Voon V (2016) Reflection
impulsivity in binge drinking: behavioural and volumetric correlates. Addiction biology 21:504‑515 
https://doi.org/10.1111/adb.12227 | PubMed

Beaumont MA (2010) Approximate Bayesian computation in evolution and ecology. Annual review of
ecology, evolution, and systematics 41:379‑406 https://doi.org/10.1146/annurev-ecolsys-102209-
144621

Beaumont MA, Zhang W, Balding DJ (2002) Approximate Bayesian computation in population
genetics. Genetics 162:2025‑2035 https://doi.org/10.1093/genetics/162.4.2025 | PubMed

Behnel S, Bradshaw R, Citro C, Dalcin L, Seljebotn DS, Smith K (2010) Cython: The best of both worlds.
Computing in Science & Engineering 13:31‑39 https://doi.org/10.1109/MCSE.2010.118

Bera K, Fengler A, Frank M (2025) Fast and robust Bayesian inference for modular combinations of
dynamic learning and decision models. In: Proceedings of the Annual Meeting of the Cognitive
Science Society. 47  https://doi.org/10.48448/gy5e-1a52

Betancourt M, Girolami M (2015) Hamiltonian Monte Carlo for hierarchical models. In: Upadhyay SK,
Singh U, Dey DK, Loganathan A (Eds). Current Trends in Bayesian Methodology with Applications
Chapman and Hall/CRC. pp. 79‑101 https://doi.org/10.1201/b18502-5

Boelts J, Lueckmann JM, Gao R, Macke JH (2022) Flexible and efficient simulation-based inference for
models of decision-making. eLife 11:e77220 https://doi.org/10.7554/eLife.77220 | PubMed

Brown SD, Heathcote A (2008) The simplest complete model of choice response time: Linear ballistic
accumulation. Cognitive psychology 57:153‑178 https://doi.org/10.1016/j.cogpsych.2007.12.002 |
PubMed

Neuroscience

https://doi.org/10.7554/eLife.112168.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://orcid.org/0000-0002-0104-3905
https://orcid.org/0000-0002-0104-3905
https://orcid.org/0000-0002-0104-3905
https://orcid.org/0000-0002-0356-4659
https://orcid.org/0000-0002-0356-4659
https://orcid.org/0000-0002-0356-4659
https://orcid.org/0000-0001-8451-0523
https://orcid.org/0000-0001-8451-0523
https://orcid.org/0000-0001-8451-0523
https://doi.org/10.7717/peerj-cs.1516
https://pubmed.ncbi.nlm.nih.gov/37705656
https://pubmed.ncbi.nlm.nih.gov/37705656
https://doi.org/10.1162/CPSY_a_00002
https://pubmed.ncbi.nlm.nih.gov/29601060
https://pubmed.ncbi.nlm.nih.gov/29601060
https://doi.org/10.48550/arxiv.1605.02688
https://github.com/onnx/onnx
https://doi.org/10.1016/j.jneumeth.2019.01.006
https://pubmed.ncbi.nlm.nih.gov/30664916
https://pubmed.ncbi.nlm.nih.gov/30664916
https://doi.org/10.1111/adb.12227
https://pubmed.ncbi.nlm.nih.gov/25678093
https://pubmed.ncbi.nlm.nih.gov/25678093
https://doi.org/10.1146/annurev-ecolsys-102209-144621
https://doi.org/10.1146/annurev-ecolsys-102209-144621
https://doi.org/10.1093/genetics/162.4.2025
https://pubmed.ncbi.nlm.nih.gov/12524368
https://pubmed.ncbi.nlm.nih.gov/12524368
https://doi.org/10.1109/MCSE.2010.118
https://doi.org/10.48448/gy5e-1a52
https://doi.org/10.1201/b18502-5
https://doi.org/10.7554/eLife.77220
https://pubmed.ncbi.nlm.nih.gov/35894305
https://pubmed.ncbi.nlm.nih.gov/35894305
https://doi.org/10.1016/j.cogpsych.2007.12.002
https://pubmed.ncbi.nlm.nih.gov/18243170
https://pubmed.ncbi.nlm.nih.gov/18243170
https://elifesciences.org/subjects/neuroscience


Fengler et al., 2026 eLife 15:RP112168.  https://doi.org/10.7554/eLife.112168.1 44 of 49

Burge J, Bonnen K (2025) Continuous psychophysics: Past, present, future. Trends in Cognitive
Sciences  https://doi.org/10.1016/j.tics.2025.01.005 | PubMed

Cabezas A, Corenflos A, Lao J, Louf R, Carnec A, Chaudhari K, Cohn-Gordon R, Coullon J, Deng W, Duffield
S, et al. (2024) BlackJAX: composable Bayesian inference in JAX. arXiv  
https://doi.org/10.48550/arxiv.2402.10797

Capretto T, Piho C, Kumar R, Westfall J, Yarkoni T, Martin OA (2022) Bambi: A simple interface for fitting
Bayesian linear models in Python. Journal of Statistical Software 103:1‑29 
https://doi.org/10.18637/jss.v103.i15

Cavanagh JF, Frank MJ (2014) Frontal theta as a mechanism for cognitive control. Trends in cognitive
sciences 18:414‑421 https://doi.org/10.1016/j.tics.2014.04.012 | PubMed

Chase H (2022) LangChain. GitHub.  https://github.com/langchain-ai/langchain

Cisek P, Puskas GA, El-Murr S (2009) Decisions in changing conditions: the urgency-gating model.
Journal of Neuro-science 29:11560‑11571 https://doi.org/10.1523/jneurosci.1844-09.2009 | PubMed

Cranmer K, Brehmer J, Louppe G (2020) The frontier of simulation-based inference. Proceedings of the
National Academy of Sciences 117:30055‑30062 https://doi.org/10.1073/pnas.1912789117 | PubMed

Fengler A, Bera K, Pedersen ML, Frank MJ (2022) Beyond drift diffusion models: Fitting a broad class
of decision and reinforcement learning models with HDDM. Journal of cognitive neuroscience
34:1780‑1805 https://doi.org/10.1162/jocn_a_01902 | PubMed

Fengler A, Govindarajan LN, Chen T, Frank MJ (2021) Likelihood approximation networks (LANs) for
fast inference of simulation models in cognitive neuroscience. eLife 10:e65074 
https://doi.org/10.7554/eLife.65074 | PubMed

Fontanesi L, Gluth S, Spektor MS, Rieskamp J (2019) A reinforcement learning diffusion decision
model for value-based decisions. Psychonomic Bulletin & Review 26:1099‑1121 
https://doi.org/10.3758/s13423-018-1554-2 | PubMed

Frank MJ, Seeberger LC, O’reilly RC (2004) By carrot or by stick: cognitive reinforcement learning in
parkinsonism. Science 306:1940‑1943 https://doi.org/10.1126/science.1102941 | PubMed

Friston KJ, Stephan KE, Montague R, Dolan RJ (2014) Computational psychiatry: the brain as a
phantastic organ. The Lancet Psychiatry 1:148‑158 https://doi.org/10.1016/s2215-0366(14)70275-5 |
PubMed

Frostig R, Johnson MJ, Leary C (2019) Compiling machine learning programs via high-level tracing. In:
SysML conference.  

Geana A, Barch DM, Gold JM, Carter CS, MacDonald III AW, Ragland JD, Silverstein SM, Frank MJ (2022)
Using computational modeling to capture schizophrenia-specific reinforcement learning differences
and their implications on patient classification. Biological Psychiatry: Cognitive Neuroscience and
Neuroimaging 7:1035‑1046 https://doi.org/10.1016/j.bpsc.2021.03.017 | PubMed

Gelman A (2004) Parameterization and Bayesian modeling. Journal of the American Statistical
Association 99:537‑545 https://doi.org/10.1198/016214504000000458

Ging-Jehli NR, Kuhn M, Blank JM, Chanthrakumar P, Steinberger DC, Yu Z, Herrington TM, Dillon DG,
Pizzagalli DA, Frank MJ (2024) Cognitive Signatures of Depressive and Anhedonic Symptoms and
Affective States Using Computational Modeling and Neurocognitive Testing. Biological Psychiatry:
Cognitive Neuroscience and Neuroimaging 9:726‑736 https://doi.org/10.1016/j.bpsc.2024.02.005 |
PubMed

Halassa MM, Frank MJ, Garety P, Ongur D, Airan RD, Sanacora G, Dzirasa K, Suresh S, Fitzpatrick SM,
Rothman DL (2025) Developing algorithmic psychiatry via multi-level spanning computational
models. Cell Reports Medicine 6:102094 https://doi.org/10.1016/j.xcrm.2025.102094 |
https://doi.org/10.1016/j.xcrm.2025.102094 | PubMed

Hawkins GE, Forstmann BU, Wagenmakers EJ, Ratcliff R, Brown SD (2015) Revisiting the evidence for
collapsing boundaries and urgency signals in perceptual decision-making. Journal of Neuroscience
35:2476‑2484 https://doi.org/10.1523/jneurosci.2410-14.2015 | PubMed

Neuroscience

https://doi.org/10.7554/eLife.112168.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://doi.org/10.1016/j.tics.2025.01.005
https://pubmed.ncbi.nlm.nih.gov/39966014
https://pubmed.ncbi.nlm.nih.gov/39966014
https://doi.org/10.48550/arxiv.2402.10797
https://doi.org/10.18637/jss.v103.i15
https://doi.org/10.1016/j.tics.2014.04.012
https://pubmed.ncbi.nlm.nih.gov/24835663
https://pubmed.ncbi.nlm.nih.gov/24835663
https://github.com/langchain-ai/langchain
https://doi.org/10.1523/jneurosci.1844-09.2009
https://pubmed.ncbi.nlm.nih.gov/19759303
https://pubmed.ncbi.nlm.nih.gov/19759303
https://doi.org/10.1073/pnas.1912789117
https://pubmed.ncbi.nlm.nih.gov/32471948
https://pubmed.ncbi.nlm.nih.gov/32471948
https://doi.org/10.1162/jocn_a_01902
https://pubmed.ncbi.nlm.nih.gov/35939629
https://pubmed.ncbi.nlm.nih.gov/35939629
https://doi.org/10.7554/eLife.65074
https://pubmed.ncbi.nlm.nih.gov/33821788
https://pubmed.ncbi.nlm.nih.gov/33821788
https://doi.org/10.3758/s13423-018-1554-2
https://pubmed.ncbi.nlm.nih.gov/30924057
https://pubmed.ncbi.nlm.nih.gov/30924057
https://doi.org/10.1126/science.1102941
https://pubmed.ncbi.nlm.nih.gov/15528409
https://pubmed.ncbi.nlm.nih.gov/15528409
https://doi.org/10.1016/s2215-0366(14)70275-5
https://pubmed.ncbi.nlm.nih.gov/26360579
https://pubmed.ncbi.nlm.nih.gov/26360579
https://doi.org/10.1016/j.bpsc.2021.03.017
https://pubmed.ncbi.nlm.nih.gov/33878489
https://pubmed.ncbi.nlm.nih.gov/33878489
https://doi.org/10.1198/016214504000000458
https://doi.org/10.1016/j.bpsc.2024.02.005
https://pubmed.ncbi.nlm.nih.gov/38401881
https://pubmed.ncbi.nlm.nih.gov/38401881
https://doi.org/10.1016/j.xcrm.2025.102094
https://doi.org/10.1016/j.xcrm.2025.102094
https://doi.org/10.1016/j.xcrm.2025.102094
https://pubmed.ncbi.nlm.nih.gov/40300598
https://pubmed.ncbi.nlm.nih.gov/40300598
https://doi.org/10.1523/jneurosci.2410-14.2015
https://pubmed.ncbi.nlm.nih.gov/25673842
https://pubmed.ncbi.nlm.nih.gov/25673842
https://elifesciences.org/subjects/neuroscience


Fengler et al., 2026 eLife 15:RP112168.  https://doi.org/10.7554/eLife.112168.1 45 of 49

Heathcote A, Matzke D (2022) Winner takes all! What are race models, and why and how should
psychologists use them?. Current Directions in Psychological Science 31:383‑394 
https://doi.org/10.1177/09637214221095852

Hoffman MD, Gelman A, et al. (2014) The No-U-Turn sampler: adaptively setting path lengths in
Hamiltonian Monte Carlo. J Mach Learn Res 15:1593‑1623 

Holmes WR (2015) A practical guide to the Probability Density Approximation (PDA) with improved
implementation and error characterization. Journal of Mathematical Psychology 68:13‑24 
https://doi.org/10.1016/j.jmp.2015.08.006

Huang JM, Schumacher L, Stevenson N, Radev ST (2026) CogFormer: Learn All Your Models Once. arXiv
 https://doi.org/10.48550/arxiv.2603.20520

Huys QJ, Browning M, Paulus MP, Frank MJ (2021) Advances in the computational understanding of
mental illness. Neuropsychopharmacology 46:3‑19 https://doi.org/10.1038/s41386-020-0746-4 |
PubMed

Huys QJ, Maia TV, Frank MJ (2016) Computational psychiatry as a bridge from neuroscience to clinical
applications. Nature neuroscience 19:404‑413 https://doi.org/10.1038/nn.4238 | PubMed

Jain SM (2022) Hugging face. In: Introduction to transformers for NLP: With the hugging face library and
models to solve problems Springer. pp. 51‑67 https://doi.org/10.1007/978-1-4842-8844-3_4

Karamanis M, Beutler F, Peacock JA (2021) zeus: a python implementation of ensemble slice sampling
for efficient Bayesian parameter inference. Monthly Notices of the Royal Astronomical Society
508:3589‑3603 https://doi.org/10.1093/mnras/stab2867

Krajbich I, Lu D, Camerer C, Rangel A (2012) The attentional drift-diffusion model extends to simple
purchasing decisions. Frontiers in psychology 3:193 https://doi.org/10.3389/fpsyg.2012.00193 |
PubMed

Kuhn M, Palermo EH, Pagnier G, Blank JM, Steinberger DC, Long Y, Nowicki G, Cooper JA, Treadway MT,
Frank MJ, et al. (2025) Computational Phenotyping of Effort-Based Decision Making in Unmedicated
Adults With Remitted Depression. Biological Psychiatry: Cognitive Neuroscience and Neuroimaging
10:607‑615 https://doi.org/10.1016/j.bpsc.2025.02.006 | PubMed

Kuhne C, Gronau QF, Innes RJ, Cooper G, Stevenson N, Cavallaro JP, Brown SD, Hawkins GE (2026)
Hierarchical Bayesian estimation for cognitive models using Particle Metropolis within Gibbs
(PMwG): A tutorial. Behavior Research Methods 58:9 https://doi.org/10.3758/s13428-025-02866-1 |
PubMed

Kumar R, Carroll C, Hartikainen A, Martín OA (2019) ArviZ a unified library for exploratory analysis of
Bayesian models in Python. Journal of Open Source Software  https://doi.org/10.21105/joss.01143

Lawlor VM, Webb CA, Wiecki TV, Frank MJ, Trivedi M, Pizzagalli DA, Dillon DG (2020) Dissecting the
impact of depression on decision-making. Psychological medicine 50:1613‑1622 
https://doi.org/10.1017/s0033291719001570 | PubMed

Leng X, Fengler A, Shenhav A, Frank MJ (2024) The Perils of Omitting Omissions when Modeling
Evidence Accumulation. In: Proceedings of the Annual Meeting of the Cognitive Science Society. 46  

Liu S, Fengler A, Frank MJ, Harrison MT (2025) Time-Averaged Drift Approximations are Inconsistent
for Inference in Drift Diffusion Models. arXiv  https://doi.org/10.48550/arxiv.2512.10250

Liu S, Fengler A, Frank MJ, Harrison MT (2026) Efficient inference in first passage time models.
Statistics and Computing 36:101 https://doi.org/10.1007/s11222-026-10854-4 | PubMed

Maia TV, Frank MJ (2011) From reinforcement learning models to psychiatric and neurological
disorders. Nature neuroscience 14:154‑162 https://doi.org/10.1038/nn.2723 | PubMed

Matsakis ND, Klock FS (2014) The rust language. In: Proceedings of the 2014 ACM SIGAda annual
conference on High integrity language technology. pp. 103‑104 
https://doi.org/10.1145/2663171.2663188

Neuroscience

https://doi.org/10.7554/eLife.112168.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://doi.org/10.1177/09637214221095852
https://doi.org/10.1016/j.jmp.2015.08.006
https://doi.org/10.48550/arxiv.2603.20520
https://doi.org/10.1038/s41386-020-0746-4
https://pubmed.ncbi.nlm.nih.gov/32620005
https://pubmed.ncbi.nlm.nih.gov/32620005
https://doi.org/10.1038/nn.4238
https://pubmed.ncbi.nlm.nih.gov/26906507
https://pubmed.ncbi.nlm.nih.gov/26906507
https://doi.org/10.1007/978-1-4842-8844-3_4
https://doi.org/10.1093/mnras/stab2867
https://doi.org/10.3389/fpsyg.2012.00193
https://pubmed.ncbi.nlm.nih.gov/22707945
https://pubmed.ncbi.nlm.nih.gov/22707945
https://doi.org/10.1016/j.bpsc.2025.02.006
https://pubmed.ncbi.nlm.nih.gov/40010688
https://pubmed.ncbi.nlm.nih.gov/40010688
https://doi.org/10.3758/s13428-025-02866-1
https://pubmed.ncbi.nlm.nih.gov/41291126
https://pubmed.ncbi.nlm.nih.gov/41291126
https://doi.org/10.21105/joss.01143
https://doi.org/10.1017/s0033291719001570
https://pubmed.ncbi.nlm.nih.gov/31280757
https://pubmed.ncbi.nlm.nih.gov/31280757
https://doi.org/10.48550/arxiv.2512.10250
https://doi.org/10.1007/s11222-026-10854-4
https://pubmed.ncbi.nlm.nih.gov/41908951
https://pubmed.ncbi.nlm.nih.gov/41908951
https://doi.org/10.1038/nn.2723
https://pubmed.ncbi.nlm.nih.gov/21270784
https://pubmed.ncbi.nlm.nih.gov/21270784
https://doi.org/10.1145/2663171.2663188
https://elifesciences.org/subjects/neuroscience


Fengler et al., 2026 eLife 15:RP112168.  https://doi.org/10.7554/eLife.112168.1 46 of 49

McDougle SD, Collins AGE (2021) Modeling the influence of working memory, reinforcement, and
action uncertainty on reaction time and choice during instrumental learning. Psychonomic Bulletin &
Review 28:20‑39 https://doi.org/10.3758/s13423-020-01774-z | PubMed

Miletić S, Boag RJ, Trutti AC, Stevenson N, Forstmann BU, Heathcote A (2021) A new model of decision
processing in instrumental learning tasks. eLife 10:e63055 https://doi.org/10.7554/eLife.63055 |
PubMed

Miller BK, Weniger C, Forré P (2022) Contrastive neural ratio estimation. In: Advances in Neural
Information Processing Systems. 35 pp. 3262‑3278 https://doi.org/10.52202/068431-0236

Murrow M, Holmes WR (2024) PyBEAM: A Bayesian approach to parameter inference for a wide class
of binary evidence accumulation models. Behavior Research Methods 56:2636‑2656 
https://doi.org/10.3758/s13428-023-02162-w | PubMed

Navarro DJ, Fuss IG (2009) Fast and accurate calculations for first-passage times in Wiener diffusion
models. Journal of mathematical psychology 53:222‑230 https://doi.org/10.1016/j.jmp.2009.02.003

Pagnier GJ, Asaad WF, Frank MJ (2024) Double dissociation of dopamine and subthalamic nucleus
stimulation on effortful cost/benefit decision making. Current Biology 34:655‑660 
https://doi.org/10.1016/j.cub.2023.12.045 | PubMed

Papaspiliopoulos O, Roberts GO, Sköld M (2007) A general framework for the parametrization of
hierarchical models. Statistical Science 22:59‑73 https://doi.org/10.1214/088342307000000014

Paszke A, Gross S, Massa F, Lerer A, Bradbury J, Chanan G, Killeen T, Lin Z, Gimelshein N, Antiga L, et al.
(2019) Pytorch: An imperative style, high-performance deep learning library. In: Advances in neural
information processing systems. 32  

Patil A, Huard D, Fonnesbeck CJ (2010) PyMC: Bayesian stochastic modelling in Python. Journal of
statistical software 35:1‑81 PubMed

Pedersen ML, Frank MJ (2020) Simultaneous hierarchical bayesian parameter estimation for
reinforcement learning and drift diffusion models: a tutorial and links to neural data. Computational
Brain & Behavior 3:458‑471 https://doi.org/10.1007/s42113-020-00084-w | PubMed

Pedersen ML, Ironside M, Ki Amemori, McGrath CL, Kang MS, Graybiel AM, Pizzagalli DA, Frank MJ (2021)
Computational phenotyping of brain-behavior dynamics underlying approach-avoidance conflict in
major depressive disorder. PLoS computational biology 17:e1008955 
https://doi.org/10.1371/journal.pcbi.1008955 | PubMed

Pedersen ML, Frank MJ, Biele G (2017) The drift diffusion model as the choice rule in reinforcement
learning. Psychonomic bulletin & review 24:1234‑1251 https://doi.org/10.3758/s13423-016-1199-y |
PubMed

Phan D, Pradhan N, Jankowiak M (2019) Composable effects for flexible and accelerated probabilistic
programming in NumPyro. arXiv  https://doi.org/10.48550/arxiv.1912.11554

Piray P, Dezfouli A, Heskes T, Frank MJ, Daw ND (2019) Hierarchical Bayesian inference for concurrent
model fitting and comparison for group studies. PLoS computational biology 15:e1007043 
https://doi.org/10.1371/journal.pcbi.1007043 | PubMed

Radev ST, Mertens UK, Voss A, Ardizzone L, Köthe U (2020) BayesFlow: Learning complex stochastic
models with invertible neural networks. IEEE transactions on neural networks and learning systems
33:1452‑1466 https://doi.org/10.1109/tnnls.2020.3042395 | PubMed

Radev ST, Schmitt M, Pratz V, Picchini U, Köthe U, Bürkner PC (2023) JANA: Jointly amortized neural
approximation of complex Bayesian models. In: Uncertainty in Artificial Intelligence. pp. 1695‑1706 

Rasanan AHH, Evans NJ, Fontanesi L, Manning C, Huang-Pollock C, Matzke D, Heathcote A, Rieskamp J,
Speekenbrink M, Frank MJ, et al. (2024) Beyond discrete-choice options. Trends in Cognitive Sciences
28:857‑870 https://doi.org/10.1016/j.tics.2024.07.004 | PubMed

Rasanan AHH, Rad JA, Sewell DK (2024) Are there jumps in evidence accumulation, and what, if
anything, do they reflect psychologically? An analysis of Lévy Flights models of decision-making.
Psychonomic Bulletin & Review 31:32‑48 https://doi.org/10.3758/s13423-023-02284-4 | PubMed

Neuroscience

https://doi.org/10.7554/eLife.112168.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://doi.org/10.3758/s13423-020-01774-z
https://pubmed.ncbi.nlm.nih.gov/32710256
https://pubmed.ncbi.nlm.nih.gov/32710256
https://doi.org/10.7554/eLife.63055
https://pubmed.ncbi.nlm.nih.gov/33501916
https://pubmed.ncbi.nlm.nih.gov/33501916
https://doi.org/10.52202/068431-0236
https://doi.org/10.3758/s13428-023-02162-w
https://pubmed.ncbi.nlm.nih.gov/37550470
https://pubmed.ncbi.nlm.nih.gov/37550470
https://doi.org/10.1016/j.jmp.2009.02.003
https://doi.org/10.1016/j.cub.2023.12.045
https://pubmed.ncbi.nlm.nih.gov/38183986
https://pubmed.ncbi.nlm.nih.gov/38183986
https://doi.org/10.1214/088342307000000014
https://pubmed.ncbi.nlm.nih.gov/21603108
https://doi.org/10.1007/s42113-020-00084-w
https://pubmed.ncbi.nlm.nih.gov/35128308
https://pubmed.ncbi.nlm.nih.gov/35128308
https://doi.org/10.1371/journal.pcbi.1008955
https://pubmed.ncbi.nlm.nih.gov/33970903
https://pubmed.ncbi.nlm.nih.gov/33970903
https://doi.org/10.3758/s13423-016-1199-y
https://pubmed.ncbi.nlm.nih.gov/27966103
https://pubmed.ncbi.nlm.nih.gov/27966103
https://doi.org/10.48550/arxiv.1912.11554
https://doi.org/10.1371/journal.pcbi.1007043
https://pubmed.ncbi.nlm.nih.gov/31211783
https://pubmed.ncbi.nlm.nih.gov/31211783
https://doi.org/10.1109/tnnls.2020.3042395
https://pubmed.ncbi.nlm.nih.gov/33338021
https://pubmed.ncbi.nlm.nih.gov/33338021
https://doi.org/10.1016/j.tics.2024.07.004
https://pubmed.ncbi.nlm.nih.gov/39138030
https://pubmed.ncbi.nlm.nih.gov/39138030
https://doi.org/10.3758/s13423-023-02284-4
https://pubmed.ncbi.nlm.nih.gov/37528276
https://pubmed.ncbi.nlm.nih.gov/37528276
https://elifesciences.org/subjects/neuroscience


Fengler et al., 2026 eLife 15:RP112168.  https://doi.org/10.7554/eLife.112168.1 47 of 49

Ratcliff R (2006) Modeling response signal and response time data. Cognitive psychology 53:195‑237 
https://doi.org/10.1016/j.cogpsych.2005.10.002 | PubMed

Ratcliff R, Tuerlinckx F (2002) Estimating parameters of the diffusion model: Approaches to dealing
with contaminant reaction times and parameter variability. Psychonomic bulletin & review 9:438‑481 
https://doi.org/10.3758/bf03196302 | PubMed

Shinn M, Lam NH, Murray JD (2020) A flexible framework for simulating and fitting generalized drift-
diffusion models. eLife 9:e56938 https://doi.org/10.7554/eLife.56938 | PubMed

Sivula T, Magnusson M, Matamoros AA, Vehtari A (2025) Uncertainty in Bayesian leave-one-out cross-
validation based model comparison. Bayesian Analysis 1:1‑31 https://doi.org/10.1214/25-ba1569

Stevenson N, Donzallaz MC, Innes RJ, Forstmann BU, Matzke D, Heathcote A (2026) Bayesian
hierarchical cognitive modeling with the EMC2 package. Behavior Research Methods 58:35 
https://doi.org/10.3758/s13428-025-02869-y | PubMed

Team TTD, Al-Rfou R, Alain G, Almahairi A, Angermueller C, Bahdanau D, Ballas N, Bastien F, Bayer J,
Belikov A, et al. (2016) Theano: A Python framework for fast computation of mathematical
expressions. arXiv  https://doi.org/10.48550/arXiv.1605.02688

Tejero-Cantero A, Boelts J, Deistler M, Lueckmann JM, Durkan C, Gonçalves PJ, Greenberg DS, Macke JH
(2020) SBI–A toolkit for simulation-based inference. arXiv  https://doi.org/10.21105/joss.02505

Thomas JW (2013) Numerical partial differential equations. In: finite difference methods 22 Springer
Science & Business Media.  

Trueblood JS, Heathcote A, Evans NJ, Holmes WR (2021) Urgency, leakage, and the relative nature of
information processing in decision-making. Psychological Review 128:160 
https://doi.org/10.1037/rev0000255 | PubMed

Turner BM, Sederberg PB (2014) A generalized, likelihood-free method for posterior estimation.
Psychonomic bulletin & review 21:227‑250 https://doi.org/10.3758/s13423-013-0530-0 | PubMed

Turner BM, Van Zandt T (2012) A tutorial on approximate Bayesian computation. Journal of
Mathematical Psychology 56:69‑85 https://doi.org/10.1016/j.jmp.2012.02.005

Turner BM, Van Zandt T (2018) Approximating Bayesian inference through model simulation. Trends
in Cognitive Sciences 22:826‑840 https://doi.org/10.1016/j.tics.2018.06.003 | PubMed

Van Hoey S, van der Kwast J, Nopens I, Seuntjens P (2013) Python package for model STructure
ANalysis (pySTAN). In: EGU General Assembly Conference Abstracts. pp. EGU2013‑10059 

Vats D, Knudson C (2021) Revisiting the gelman–rubin diagnostic. Statistical Science 36:518‑529 
https://doi.org/10.1214/20-sts812

Vehtari A, Gelman A, Simpson D, Carpenter B, Bürkner PC (2021) Rank-normalization, folding, and

localization: An improved R2 for assessing convergence of MCMC (with discussion). Bayesian analysis
16:667‑718 https://doi.org/10.1214/20-ba1221

Voss A, Lerche V, Mertens U, Voss J (2019) Sequential sampling models with variable boundaries and
non-normal noise: A comparison of six models. Psychonomic bulletin & review 26:813‑832 
https://doi.org/10.3758/s13423-018-1560-4 | PubMed

Węglarczyk S (2018) Kernel density estimation and its application. In: ITM web of conferences. 23
pp. 00037 https://doi.org/10.1051/itmconf/20182300037

Wiecki TV, Antoniades CA, Stevenson A, Kennard C, Borowsky B, Owen G, Leavitt B, Roos R, Durr A,
Tabrizi SJ, et al. (2016) A computational cognitive biomarker for early-stage Huntington’s disease.
PLoS One 11:e0148409 https://doi.org/10.1371/journal.pone.0148409 | PubMed

Wiecki TV, Poland J, Frank M (2014) Model-based cognitive neuroscience approaches to
computational psychiatry: clustering and classification. threshold 2:2‑2 

Wieschen EM, Voss A, Radev S (2020) Jumping to conclusion? a lévy flight model of decision making.
The Quantitative Methods for Psychology 16:120‑132 https://doi.org/10.20982/tqmp.16.2.p120

Neuroscience

https://doi.org/10.7554/eLife.112168.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://doi.org/10.1016/j.cogpsych.2005.10.002
https://pubmed.ncbi.nlm.nih.gov/16890214
https://pubmed.ncbi.nlm.nih.gov/16890214
https://doi.org/10.3758/bf03196302
https://pubmed.ncbi.nlm.nih.gov/12412886
https://pubmed.ncbi.nlm.nih.gov/12412886
https://doi.org/10.7554/eLife.56938
https://pubmed.ncbi.nlm.nih.gov/32749218
https://pubmed.ncbi.nlm.nih.gov/32749218
https://doi.org/10.1214/25-ba1569
https://doi.org/10.3758/s13428-025-02869-y
https://pubmed.ncbi.nlm.nih.gov/41526752
https://pubmed.ncbi.nlm.nih.gov/41526752
https://doi.org/10.48550/arXiv.1605.02688
https://doi.org/10.21105/joss.02505
https://doi.org/10.1037/rev0000255
https://pubmed.ncbi.nlm.nih.gov/32852976
https://pubmed.ncbi.nlm.nih.gov/32852976
https://doi.org/10.3758/s13423-013-0530-0
https://pubmed.ncbi.nlm.nih.gov/24258272
https://pubmed.ncbi.nlm.nih.gov/24258272
https://doi.org/10.1016/j.jmp.2012.02.005
https://doi.org/10.1016/j.tics.2018.06.003
https://pubmed.ncbi.nlm.nih.gov/30093313
https://pubmed.ncbi.nlm.nih.gov/30093313
https://doi.org/10.1214/20-sts812
https://doi.org/10.1214/20-ba1221
https://doi.org/10.3758/s13423-018-1560-4
https://pubmed.ncbi.nlm.nih.gov/30652240
https://pubmed.ncbi.nlm.nih.gov/30652240
https://doi.org/10.1051/itmconf/20182300037
https://doi.org/10.1371/journal.pone.0148409
https://pubmed.ncbi.nlm.nih.gov/26872129
https://pubmed.ncbi.nlm.nih.gov/26872129
https://doi.org/10.20982/tqmp.16.2.p120
https://elifesciences.org/subjects/neuroscience


Fengler et al., 2026 eLife 15:RP112168.  https://doi.org/10.7554/eLife.112168.1 48 of 49

Wood SN (2010) Statistical inference for noisy nonlinear ecological dynamic systems. Nature
466:1102‑1104 https://doi.org/10.1038/nature09319 | PubMed

Peer reviews
Reviewer #1 (Public review):

Summary:

This article describes a new software package, HSSM, for simulating and fitting sequential
sampling models. The package consists of three modules - one for simulating the models, one
to train neural networks on mappings from behavior to parameter values, and one for
combining these tools to fit particular models to users' data.

Strengths:

This is a very detailed description of a new package that is building on an already highly
successful package. It promises to become a go-to software package for cognitive modelers,
experimentalists, and practitioners.

Weaknesses:

I have only a few critiques of the article, and some are a matter of taste:

(1) I think it would be helpful for the authors to take the reader through one complete
example at the end of the article, including loading in a dataset, fitting it with a regression
model, checking model convergence, reading out parameter values, and doing posterior
predictive checks (etc). It would be helpful to see it all in one place to get a sense of how much
code is required to go through the whole process. One or two actual examples would help
readers who are not already familiar with HDDM.

(2) The article assumes a certain level of computing and modeling expertise, which somewhat
limits its reach. There are many abbreviations and references to other software tools that a
reader might not be familiar with. Such readers might feel like HSSM is beyond their reach.
Below is a non-exhaustive list of such undefined or unexplained terms:

DDM, API, LBA, fMRI, EEG, JAX, PyTorch, ONNX, MCMC, VI, MAP, PyMC, PyTensor, NUTS,
ArviZ, WAIC, LOO, KDE, CLI, YAML, GUI, LBA, RDM, QP.

(3) I found some of the figures/listings to be unpolished, unhelpful, and/or unnecessary. For
instance, Figure 3 and Listing 3 seem to just be zoomed-in pieces of Figure 2. In Figure 4, what
is the meaning of the little globe traveling between the within-trial and across-trial rows?
Why is Figure 5 a figure and not a listing? Does HSSM not produce these plots directly? I have
the same question for Figure 7. Figures 8 and 9 seem unnecessary to me, but perhaps they
serve a function that I'm missing. Perhaps they could be turned into supplements for Figure
2.
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Reviewer #2 (Public review):

Summary:

This manuscript introduces HSSM, a Python-based toolbox for fitting cognitive models, with a
specific focus on sequential sampling models. The toolbox brings together several
components: a model construction interface, surrogate likelihoods, sampling tools, an
inference backend, formula-based regressions, and tools for validation and visualization.
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One of the key advantages is that HSSM relies on well-established open-source packages. This
ensures both a robust foundation and also opens a potential for future (community-driven)
development. While HSSM is not the first publicly available toolbox for fitting sequential
sampling models, it introduces several novel features that will be very valuable to
researchers in the field.

Strengths:

The biggest strength of HSSM is its flexibility and ease of use for hierarchical modeling. Many
existing toolboxes work as closed systems that are hard to modify. In contrast, HSSM's
modular design allows it to be used either as a stand-alone tool or to pick out specific
components to integrate into existing pipelines. In addition, the toolbox combines simulation-
based inference, surrogate likelihoods, and formula-based regression. This opens up a lot of
new modeling possibilities and makes it easy to incorporate trial-by-trial neural or
physiological covariates alongside standard RT and choice data.

Weaknesses:

The paper provides a high-level overview of the toolbox, rather than a didactic walk-through
that shows how to use it in practice. Additionally, despite being framed as a broad toolbox for
"neurocognitive modeling", HSSM currently focuses on sequential sampling models. While
these models are widely used, they represent only a small slice of neurocognitive modeling as
a whole. Additionally, the toolbox is currently in beta phase, and lots of planned extensions
are not implemented yet. Finally, there is currently no information on general performance
benchmarks.
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