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Presentation Notes
Hello everyone. I’m very happy to introduce our research on using latent variable learning to facilitate data-driven theory development in human decision-making.
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From cognitive modeling to moderational learning

X Y
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Huan-designed 
cognitive models

Neural networks



Using machine learning to model human behavior

Group-level learning

Train a neural network with data merged 
for all subjects.

Failed to capture individual differences 
and heterogeneity.

Subject-level learning

Train separate neural networks for each 
subject.

Failed to capture cross-subject 
generative processes; Limited data 

points.

Common limitations

• Limited interpretability.
• Fail to represent individual differences in a 

common, meaningful space.
• Difficult generating data for new subjects.



Variational auto-encoders (VAE) for latent variable learning

Variational inference
Approximates an intractable latent posterior using a 
parameterized, tractable distribution, and optimizes 
its parameters
Change-of-variables principle
Simple Gaussian variables can be transformed into 
arbitrarily complex distributions
Universal function approximation
Neural networks can approximate any continuous 
function
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The moderational learning framework
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The moderational learning framework

Data for one subject
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…
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Decoder• Input concatenation
• Hypernetwork
• Feature-wise Linear 

Modulation (FiLM)
• Low-Rank Adaptation (LoRA)



Research map

i.i.d. trial data: point-level 
reconstruction

i.i.d. trial data: distributional 
reconstruction

Non-i.i.d. trial data

Multi-modal/multi-view data

Time-varying and time-invariant latent 
variables

…

Zhao et al., PsyArXiv (2026)

Zhao et al., In prep; 

Zhao et al., In prep; 
Dezfouli et al. (2019), NeurIPS

Ongoing

Ongoing



i.i.d. trial data: point-level reconstruction
Discovering individual differences and cognitive models for decision-making tasks
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Neural network structure 
• Neural Processes (Garnelo et al., 2018)
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Neural network structure 
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Overview

i.i.d. Trial Data: Point-Level Reconstruction
Model structure

• Encoder: 𝑍𝑍 = 𝑞𝑞𝜙𝜙 data
• Decoder: �𝑌𝑌𝑖𝑖 = 𝑓𝑓𝜃𝜃 𝑋𝑋𝑖𝑖 𝑍𝑍

Learning Objective with Regularization
reconstruction loss + 𝛽𝛽𝐿𝐿𝐾𝐾𝐾𝐾 + λ𝐿𝐿sparse

Hyperparameter Sweep and Model Selection
For each 𝛽𝛽 𝜆𝜆sparse combination, we examined: 
reconstruction loss, legalization loss, number of 
active dimensions, PCA structure …

Key results

• Improved held-out predictive performance

• Recovered meaningful within-task and cross-
task latent factors

• Revealed new stimulus–response 
mechanisms

• Translated the decoder’s learned X,Z→Y 
mappings into interpretable equations using 
symbolic regression

�𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

= 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 + 3.953 − 2.341𝑧𝑧1
+ 1.395 − 𝑧𝑧4 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

psyarxiv/b865r



Latent factor 
discovery
• Sweeping hyper-parameters



Latent factor 
discovery
• Alive dimensions



Simulation study 1

Data generation
• Number of ground-truth latent factors: k∈[1,6]
• 2000 simulated subjects.
• 150~200 trials each subject.

𝑌𝑌 = �
𝑗𝑗=1

6

𝜃𝜃𝑗𝑗𝑋𝑋𝑗𝑗 + 𝜀𝜀, 𝜀𝜀~Normal(0, 𝜎𝜎2)

𝑋𝑋𝑗𝑗~Unif −1,2 , 𝑗𝑗 = 1, … , 6

𝜃𝜃𝑗𝑗~Norma𝑙𝑙 4,1  𝑓𝑓𝑓𝑓𝑓𝑓 𝑗𝑗 ≤ 𝑘𝑘, 𝜃𝜃𝑗𝑗 = 1 𝑓𝑓𝑓𝑓𝑓𝑓 𝑗𝑗 > 𝑘𝑘



Simulation study 2

Data generation

X = (X₁, X₂, X₃, X₄)

θ = (θ₁, θ₂, θ₃)

θ₁, θ₂ ~ Normal(1.5, 0.25); θ₃ ∈ {0, 1}

𝑌𝑌 = �𝜃𝜃1 𝑋𝑋1𝑋𝑋2 − 𝜃𝜃2(𝑋𝑋3 + 𝑋𝑋4)², 𝑖𝑖𝑖𝑖 𝜃𝜃3 = 0
𝜃𝜃1 𝑋𝑋1𝑋𝑋3 − 𝜃𝜃2(𝑋𝑋2 + 𝑋𝑋4)², 𝑖𝑖𝑖𝑖 𝜃𝜃3 = 1

psyarxiv/b865r



Latent factor extraction
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Visualization of (X,Z)→Y mappings
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Visualization of (X,Z)→Y mappings
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Visualization of (X,Z)→Y mappings
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Visualization of (X,Z)→Y mappings
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Identifying cross-task factors
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Model discovery

Symbolic regression (PySR)

•  z₁ scales the overall valuation strength
•  z₄ shifts the trade-off between M and P
•  Higher z₄ emphasizes M over P



i.i.d. trial data: distributional reconstruction
Factor and model discovery for choice-RT data



Method

i.i.d. trial data: distributional reconstruction
Key Idea

• Extend moderational learning from point prediction to the joint modeling of discrete and 
continuous outcomes.

Instantization
• Discrete outcome: choice
• Continuous outcome: response time

Method
• Model choice using a categorical distribution. 
• Model the conditional RT distribution using a flexible normalizing flow. 
• Apply the chain-rule decomposition: 

p(choice,RT∣X,Z)=p(choice∣X,Z)p(RT∣choice,X,Z)



Method
cue1, choice1, rt1, 
cue2, choice2, rt2, 

…

Permutation Invariant 
Encoder

noise

MLP

choice

Invertible Network

rt

condition

choice = P(choice | z)

rt = P(rt | choice, z)

TrainingInference

cuez



Simulation Study
Data-Generating Process
For each participant 𝑠𝑠, define the standard four-parameter DDM:

𝜽𝜽𝑠𝑠 = 𝑎𝑎𝑠𝑠 𝑣𝑣𝑠𝑠 𝑧𝑧𝑠𝑠 𝑡𝑡0,𝑠𝑠

For each parameter designated as a source of individual differences,
𝜃𝜃𝑠𝑠,𝑗𝑗 ∼ 𝑝𝑝𝑗𝑗 𝜃𝜃𝑗𝑗

whereas all remaining parameters are fixed across participants:
𝜃𝜃𝑠𝑠,𝑗𝑗 = 𝜃𝜃𝑗𝑗

fixed

Trial-level responses are then generated as
𝑐𝑐𝑠𝑠𝑠𝑠 𝑅𝑅𝑇𝑇𝑠𝑠𝑠𝑠 ∼ DDM 𝑎𝑎𝑠𝑠 𝑣𝑣𝑠𝑠 𝑧𝑧𝑠𝑠 𝑡𝑡0,𝑠𝑠

Manipulating the Number of Free Parameters
• 4 free parameters: 𝑎𝑎, 𝑣𝑣, 𝑧𝑧, 𝑡𝑡0
• 3 free parameters: 𝑎𝑎, 𝑣𝑣, 𝑧𝑧, 𝑎𝑎, 𝑣𝑣, 𝑡𝑡0, 𝑎𝑎, 𝑧𝑧, 𝑡𝑡0, or 𝑣𝑣, 𝑧𝑧, 𝑡𝑡0
• 2 free parameters: all two-parameter combinations 
• 1 free parameter: 𝑎𝑎, 𝑣𝑣, 𝑧𝑧, or 𝑡𝑡0
• 0 free parameters: all parameters fixed across participants

Key results

•Accurate distributional reconstruction
The model reproduced the joint choice–RT 
distributions generated by the DDM. 

•Recovery of latent dimensionality
The number of active latent dimensions 
matched the true number of free DDM 
parameters. 

•Recovery of parameter information
The learned latent dimensions strongly 
encoded the true participant-level DDM 
parameter values. 



Method

Shape-matching task

• Many cognitive tasks

• Fitted parameter of basic 

cognitive models

• Many questionnaires

• Demographic information



Results

1. Capturing Joint Choice–RT Distributions
• Predicted and real choice-RT distribution



Results

1. Capturing Joint Choice–RT Distributions
• Simulation-based likelihood



Results

2. Extracting Latent Dimensions
• Visualization of the latent dimensions (mean KL > 0.1)



Results

2. Extracting Latent Dimensions
• Active latent dimensions correlating with behavioral summaries & HDDM parameters



Results

2. Extracting Latent Dimensions
• Active latent dimensions correlating with behavioral summaries & HDDM parameters



Results

3. External Validity of the Latent Dimensions
• Associations with external measures



Results

3. External Validity of the Latent Dimensions
• Accuracy: Behavioral dysfunction and adverse outcomes
 e.g., cannabis-related problems, financial debt
• Mean RT: Demographic and life-course variables
 e.g., age, family and relationship history, selected impulsivity traits
• z0: Risk exposure and risk evaluation
 e.g., smoking history, perceived risk, perceived benefits of risky behaviors
• z7: Self-regulation versus impulsivity

 e.g., future orientation, self-control, urgency, sensation seeking



Model discovery
A General Stochastic Evidence-Accumulation Framework

GENERAL GENERATIVE FORMULA FIVE FUNCTIONS TO DISCOVER

X: trial information, Z: subjective representation → choice, response time

Evidence dynamics
dAτ = b(Aτ, τ, X, Z)dτ + Σ(Aτ, τ, X, Z)¹ᐟ²dBτ

Initial state
A₀ = y₀(X, Z)

First-passage stopping rule
τ* = inf { τ : maxₖ Sₖ(Aτ, τ, X, Z) ≥ 0 }

Observed response
c = argmaxₖ Sₖ(Aτ*, τ*, X, Z)     RT = Tₑᵣ(X, Z) + τ*

b drift / dynamics
how evidence grows, leaks, competes, or interacts

Σ noise structure
trial-level stochasticity and accumulator correlations

y₀ starting point
initial bias before the accumulation process begins

Sₖ boundary / choice rule
when to stop and which response is selected

Tₑᵣ non-decision time
encoding and motor delay added to decision time



Model discovery
Teacher-Guided Symbolic Regression Workflow

1. Search space
variables: X, Z, Aτ, τ
operators + constraints

2. Candidate model
symbolic set:
{b, Σ, y₀, Sₖ, Tₑᵣ}

3. First-passage simulation
simulate trajectories
→ choice and RT

4. Teacher scoring
evaluate choice–RT
negative log-likelihood

5. Evolutionary update
select, mutate, crossover,
refit constants



Non-i.i.d. trial data
Factor and model discovery for learning data



History-dependent trial-by-trial behavioral data



Learning objectives

• Train an encoder qΦ and decoder pψ:

• Aim 1: maximize mutual information between Zs and θs

• Aim 2: accurately reconstruct behavior



Inductive bias: Markov process

S0 S2

[F1, C2]

S1

[0, C1]

St-1

[Ft-2, Ct-1]

… St

[Ft-1, Ct]

… ST

[FT-1, cT]

�Y1
�Y2

�Yt-1
�Yt

�YT

Encoder network: Z ~ qφ(Z | [C1:T, Y1:T, F1:T])

Transition network: St = NN([St-1, Yt-1, Gt-1, Ct] ; Z)

Emission network: �Yt = NN(St ; Z)



Preventing posterior collapse

• Fatal hazard
Learned latent variables barely carry individual difference information, while the data still 
well reconstructed

• Treatments
• Contrastive loss — Pull latents from the same subject closer and push latents from 

different subjects apart.
• Switch loss — Swap 𝑧𝑧𝑠𝑠between subjects and force predictions to change accordingly.
• Decoder capacity limit — Prevent the decoder from reconstructing behavior using history 

alone.
• KL annealing / free bits — Avoid early posterior collapse by gradually applying latent 

regularization.



Moderational learning × SBI
Ongoing projects



1. Latent space clustering

DATA

DATA

Latent Dimension
Z

Real subjects Model M1 Model M2

 Subject heterogeneity discovery
 Model separation check
 Model selection
 Model family selection

Real subjects
Model M1
Model M2

Inference

Generation



2. Model specification check

DATA

DATA

Latent Dimension
Z

Model M(θ)

Subj1 θ1 Z1

Subj2 θ2 Z2

Subj3 θ3 Z3

Subj4 θ4 Z4

Inference

Generation

• Θ-Z mutual information
How much information about each parameter 
can be recovered from the learned 
representation

• Pairwise Conditional Mutual Information
Pairwise parameter trade-offs 

• Parameter-Specific Conditional Mutual 
Information

How much information each parameter 
provide

More …



3. Semi-supervised learning preventing posterior collapse

DATA

DATA

Latent Dimension
Z

Real subjects Model M1 Model M2 …

Inference

Generation

Parameter decoder head M1

θ

Parameter decoder head M2

θ

…

Loss = 
Reconstruction loss
+ regularization
+ parameter recovery



Extended reading
Other machine-learning approached to do model discovery



LLMs-based program search 



RNN-based model discovery



Take-Home Messages

1. Moderational Learning
Jointly learns interpretable latent dimensions of individual differences and shared 
stimulus–response generating process moderated by the latent dimensions.
2. Distributional Moderational Learning
Extending the decoder with a normalizing flow enables individual differences to be 
learned from, and used to reconstruct, full distributions of continuous responses.
3.  From Prediction to Model Discovery
Using data-driven choice–RT modeling for extracting individual-difference dimensions and 
discovering new evidence-accumulation models.



Thank you for your attention!

Q & A

PeterKvam.com
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