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Guiding questions of the lab

1. How do we generalize in novel environments?

2. How does intelligence develop over the lifespan?

3. How do we learn from each other in social and cultural settings?

Human generalization as
Bayesian function learning
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http://doi.org/10.1146/annurev-psych-021524-110810
https://charleywu.github.io/downloads/giron2023developmental.pdf
https://charleywu.github.io/downloads/velez2024rise.pdf

Thesis topics are organized around the three guiding questions




Generalization as function approximation

Law of Generalization
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https://charleywu.github.io/downloads/wu2025unifying.pdf

Generalization as function approximation

Observations

15

24

18

20

29

31

26

Gaussian Process model of generalization

e Observation

— Hypothesis

— EXxpected Reward
Uncertainty

Softmax Choice Rule

P(x)

. 0.100

= = 0.075

- = 0.050

- = 0.025

Wu et al., (AnnRevPsy 2025)



https://charleywu.github.io/downloads/wu2025unifying.pdf

Wu et al., (Nature Human Behaviour 2018)

Spatially Correlated Bandit
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aximize rewards

Each tile is an arm of the bandit,
giving noisy rewards

Reward expectations are
spatially correlated

Limited search horizon (20-40 clicks)
requires balancing explore-exploit


https://charleywu.github.io/downloads/wu2018exploration.pdf

Framework and models replicated across a variety of tasks and contexts
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https://charleywu.github.io/downloads/wu2020similarities.pdf
https://charleywu.github.io/downloads/ten2025search.pdf
https://charleywu.github.io/downloads/wu2021inference.pdf

Previous Masters Thesis Example

Can human hippocampal gradients also be found in non-spatial
tasks”? Reanalysis of IMRI data from Garvert et al., (2017)

Day 1 - Implicit trainin
A Deay1:Implict training B

@'

Day 2 - Test
4 J

Random trial transitions

- Place field size decrease
=> Spatial autocorrelation decrease
- Reoresentational aranularnity increase

In the fMRI scanner
Did the preceding object have a patch?

Outside the scanner
Orientation judgment

Garvert et al., (2017) Brunec & Momennejad (2022)

g

Anna-Lea Beyer

»

Temporal autocorrelation: aHPC > pHPC
Inter-voxel similarity: aHPC > pHPC



Thesis topic: Structured Generalization in Dance

* Goals:
* Adapt an existing online experiment for learning & completing melody
sequences to movement sequences in Labanotation
* Define movement primitives in combinatorial logic
* Pilot the experiment
* Past work:
. developed a model of melody learning as “program
induction” under resource constraints
 Program induction: learning as inferring a distribution over
generative programs
* Note: the computational model is quite complex, but the focus here
will be on experiment design
('

 Skills you will learn: C TN
d ,' -. >~] program
KCICET,

(b)

* Online experiment development in JavaScript
* Version control with Git/GitLab
* Experimental design for behavioural studies in humans

Jd melody

Example Phase 1: Learning

Your task:

10


https://doi.org/10.48550/arXiv.2606.20623

Note: these topics require a very high level of independence,
because no current PhD or Postdocs in the lab are working on this topic

Other potential thesis topics

Reanalyze published data to answer open questions
e Some examples:

Do people gradually adapt how much they generalize to the task at hand?

* How can we design more effective curriculum for learning (i.e., by ordering environments)?
 Would graph kernels ( provide a similarly good account of hippocampal gradients?
Implement your own experiment and conduct new analyses
 More challenging and may not be feasible in a single semester
* Needs a very compelling research question
How to get started
* Read for an overview
 Read other relevant papers (see for open-access pdfs of all papers)
* |dentify open questions and identify hypotheses

 Develop an initial roadmap

11


https://charleywu.github.io/downloads/wu2021inference.pdf
https://charleywu.github.io/downloads/wu2025unifying.pdf
https://hmc-lab.com/publication/

Gopnik et al., (PNAS 2017)

Development as Stochastic Optimization

* Children initially perform high-temperature search, which gradually “cool offs” as
they grow older

* The cooling schedule induces a gradual shift from exploration —> exploitation,
preventing the algorithm from getting stuck in a local optimum

12


https://www.pnas.org/doi/10.1073/pnas.1700811114

Giron*, Ciranka*, Schulz, van den Bos, Ruggeri, Meder, & Wu (Nature Human Behaviour 2023)
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https://charleywu.github.io/downloads/giron2023developmental.pdf

Current directions
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https://charleywu.github.io/downloads/giron2023developmental.pdf
https://www.nature.com/articles/s41467-025-64222-3.pdf
https://psycnet.apa.org/fulltext/2026-57921-001.pdf

Recent Masters Thesis Example

ntrinsically Motivated Leaming in Open-Ended Environments: Frvderyk Mantiuk
Understanding the Interplay of Empowerment and Information Gain
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Mantiuk et al., (Cogsci 2025) 15



https://charleywu.github.io/downloads/mantiuk2025curiosity.pdf

proportion of correct responses

Human intelligence is defined by our capacity for
social learning and cumulative culture
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Social transitive inference task === @ T
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https://charleywu.github.io/downloads/wu2022representational.pdf
https://charleywu.github.io/downloads/wu2025adaptive.pdf
https://charleywu.github.io/downloads/wu2024group.pdf
https://charleywu.github.io/downloads/witt2023playing.pdf
https://charleywu.github.io/downloads/witt2024humans.pdf
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https://charleywu.github.io/downloads/velez2024rise.pdf

Recent Masters’ Thesis Example

Comparing Global and Local Advice in Human-Al Interaction

Orsolya Szocs

Global vs. local Al assistance in home design

Global AI: assigns functional Local AI: optimises furniture A"z’e’ age performance across
roles to rooms within a home arrangements within a room pnases
~ 7
S 0
Experimental procedure overview g -
Tutorial A
Pre-Al
NN A _— | 60
— /\ N & Al 1nstructions Pre AT Post
- z Al (global or local) Phase
ANV = BONCK: m Post-Al
; & Questionnaire
Example for global advice Example for local advice @

00 OO0

0 C0 00

Sz0cs et al., (Cogsci 2025) 19



https://charleywu.github.io/downloads/szocs2025forest.pdf

Current Masters’ Thesis Example

Can simple soclal learming mechanisms give rise to the social
transmission of theory-of-mind like representations’?

Simulations

Foraging task in spatially reconfigurable environment
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KeBler et al., (Cogsci 2026)
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Potential extensions as a thesis topic

 How would these results generalize to more dangerous environments?

 How would different teaching strategies influence performance?

20


https://charleywu.github.io/downloads/kessler2026emergent.pdf

Thesis topic: Decision-making in coordination games as a function of action

costs

 Research Question: Do people consider the potential cognitive/
movement costs for a partner and/or the dyad when selecting solutions
for a game?

* Past work:

* |n a simple object matching task with visual stimuli (I6rok et al., 2021/
PhD thesis, unpublished Study 4) we found that people tend to
consider the aggregate costs of a dyad that would have to be
expended to collect objects by both co-actors in a coordination game

* Participants tended to make choices to coordinate with an assumed
remote partner such that the joint object collection costs would be
minimized

* However, we cannot fully rule out that choices were made based on
the visual layout of the scenes and not only based on the movement
costs, as visual arrangements and movement costs strongly
correlated.

* This project would provide follow-ups to the original two experiments
via conceptual replications.

Georgina Torok

PARTNER @

21


https://cognitivescience.ceu.edu/sites/cognitivescience.ceu.hu/files/attachment/basicpage/3173/phddissertationtorokgeorgina.pdf
https://cognitivescience.ceu.edu/sites/cognitivescience.ceu.hu/files/attachment/basicpage/3173/phddissertationtorokgeorgina.pdf

Thesis topic: Social inference in collective search tasks

* Research Question: Does social inference in social learning occur to the
same extent when people believe they interact with a machine as when they
believe they interact with a human? In other words: in contexts of uncertain
collective search, do humans treat machines as if they were other human
agents and copy them similarly selectively?

* Past work:
* rying to read other minds (i.e. inferring rewards based on observed e

behavior) where there are in fact none may not be worth the region

computational costs
* This project would test if heuristic models might better explain human

behavior in collective search tasks than a social inference model when
people know they interact with a bot P

* Alternatively, people might treat known artificial agents as if they were
humans in such contexts, and infer rewards in the same way as they

would with human others e

* This project would be directly based on
but would also build on and connect to research on ascribing minds to i
artificial agents and treating them as intentional agents

Mean sc

22


https://doi.org/10.1038/s41562-023-01682-x

Other potential thesis projects

Social Learning

e Agent-based simulations o stuay whic
soclal leaming strategies perform best in di
environments (KeBler et al., Cogscl 20206)

¢ Implement experiments with Al-Human
collaboration (5zocs et al., Cogscl 2025)

A

fferent

® |Infrastructure in progress|: online multiplayer
experiments

Cultural Transmission

o Agent-based simulations to study the dynamics

of social transmission over multiple generati
® 0., Ammar, Fogarty & Kandler (2023)

ons

® |Infrastructure in progress]: model cultural

transmission using LLMs

® |Infrastructure in progress|: online transmission

chain experiments
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https://charleywu.github.io/downloads/wu2024group.pdf
https://charleywu.github.io/downloads/kessler2026emergent.pdf
https://charleywu.github.io/downloads/szocs2025forest.pdf
https://www.pnas.org/doi/abs/10.1073/pnas.2310033120

General information

® \Vorking language Is =nglish

® Strong computational skills are required for all [ines of research

® Plecase make sure 10 include a link to public code repositories when
contacting me apout a thesis project

e \ly l[ab members are quite new when it comes to supervising theses in
Darmstadt

® You will be expected 1o take part In weekly lab events (lab meeting, journal
club, and talks) and contribute to discussions

® A high-degree of Independence and self-motivation is required, Including
willingness to learn new skills and read relevant papers on your own initiative

24
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