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How human learn structured knowledge?
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Figure |. Several Classes of
Programs Expressed as Symbolic
Images. (A) Blueprints, (B) assembly
instructions, (C) musical notation, (D)
knotting diagrams, (E) juggling pattems,
(F) graphical proofs, and (G) football plays.
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What is the implication for education practice? UNIVERSLIAT
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Learning & teaching: curriculum TORNCIN

 Learner: learning under resource constraints
 Teacher: find optimal order of a fixed set of learning materials to maximize performance
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Learning & teaching: motivating

 Learner: learning under resource constraints
* Teacher: maximize performance while motivating learners

Participant

p, pages
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Learning & teaching: interaction UNIVERSITAT

 Learner: learning under resource constraints
 Teacher: useful interactions for maximize performance while motivating learners
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When extrinsic reward is sparse... in our real life UNIVERSITAT - &

But where?
Let’s

explore!
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Intrinsic motivation and exploration

Knowledge-seeking (prediction)
 reduce uncertainty about their environment by

seeking out new or surprising information

Competence-seeking (control)
* maximize their control and influence over their

environment
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Epistemic, perceptual, specific, diverse
(Berlin, 1966)

Temporary state or enduring personality
trait (Boyle, 1983)

Motivates for information seeking
(Lowenstein, 1994)

Wanting and liking, emotional-
motivational state (Litman, 2005)

A metacognitive feeling (Metcalfe et al.,

2020)



Intrinsic motivations

Knowledge-seeking (prediction)

Entropy as ignorance (Lowenstein, 1994)

* Novelty (state-based): explore more states

H(s) = — )" p(s)log p(s)
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Intrinsic motivations

Knowledge-seeking (prediction)

Entropy as ignorance (Lowenstein, 1994)

- Novelty (state-based): explore more states

H(s) = — )" p(s)log p(s)
- Information gain (dynamics-based): take

actions that are maximally informative about
the environment

H(S’ls,a) —H(S’ls,a,s’)
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Intrinsic motivations

Knowledge-seeking (prediction)

- Novelty (state-based): explore more states

H(s) = — )" p(s)log p(s)

- Information gain (dynamics-based): take
actions that are maximally informative about
the environment

H(S’ls,a) —H(S’ls,a,s’)
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Competence-seeking (control)

« Empowerment: measurable influence over the
environment

C := C(p (s’ls,a))

= maxl(&’;d | s)
p(a)

= max (H(s’ | s) — H(s" | a,s))
pla)

1"



Environment
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Schematic illustration of each motivation
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Schematic illustration of each motivation
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How to match human exploration? UNIVERSITAT

¢ Goal state Game interface
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as " Real time

End of the episode
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Xu, H. A., Modirshanechi, A., Lehmann, M. P, Gerstner, W., & Herzog, M. H. (2021). Bréndle, F.,
Stocks, L. J., Tenenbaum, J. B., Gershman, S. J., & Schulz, E. (2023).

Lidayan, A., Du, Y., Kosoy, E., Rufova, M., Abbeel, P., & Gopnik, A. (2025).

Patankar, S. P, Zhou, D., Lynn, C. W., Kim, J. Z., Ouellet, M., Ju, H., ... & Bassett, D. S. (2023).

Entropy, surprise, novelty, prediction error,

learning progress, information gain...

Approximation (variational, single step...)
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EBERHARD KARLS

How to match human exploration? UNIVERSITAT

¢ Goal state Game interface . —

P I
.) Night vision
.-

St41 - )
- Real time

/’_4

End of the episode

-
// 700 - 1700 ms

T
. + Unlimited response time

“"700 - 1700 ms

. Participant
Settings Workspace Inventory

Entropy, surprise, novelty, prediction error,

learning progress, information gain...

Approximation (variational, single step...)

Updating, world model, representation
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How to match human exploration? R

¢ Goal state Game interface
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Synergy between knowledge-seeking and competence-seeking

Action-perception loop in world model and exploration
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Model-based agents

. Wall . Ice . Lava [ Agent
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Q-learning agent
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- Fixed state representation s = (x,y, ) € N°

« Learn transition function and state’s Q-value

PN(s,a,s") + 1
Zs/eé’ BN(s,a,s’) + 1

p(s’ls,a) =

Q(s,a) = Zs,eé) p (s’ | s, a) [R (s,a,s") +ymax_,Q (s, a’)]
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Q-learning agent: exploration effectiveness ONIYERS T

unique state cumulative discovery-to-
discovery deaths death ratio
120
300 8
stepé le4 | étepé - led
= novelty info gain mmm empowerment g info gain ;empowerment
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Q-learning agent: exploration effectiveness kb RaT

unigque state cumulative discovery-to-
discovery deaths death ratio
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Q-learning agent

motivation heat maps
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Dreamer agent
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p(z'|z,a) =

latents
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Dreamer agent U%\JLIJ\éIEI\JR%lETQT

observation latents
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Dreamer agent RS
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Dreamer agent: exploration effectiveness ONIYERS T

unique state cumulative discovery-to-
discovery deaths death ratio

= novelty info gain mmm empowerment g info gain Iempowerment

Hangi Zhou - University of Tubingen & IMPRS-IS 26



Dreamer agent: novelty zoom in

Rewards /
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Dreamer agent: novelty gaming? ONIVERSITAT
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Dreamer agent: novelty gaming? UNIVERSITAT 9B
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Dreamer agent: novelty gaming? ONIVERSITAT

deterministic

a action entropy observation entropy

stochastic

= Novelty info gain mmm empowerment g info gain ;empowerment
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Dreamer agent: novelty gaming? RUbR e

deterministic

observation entropy

stochastic

= novelty info gain mmm empowerment g info gain ;empowerment
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Dreamer agent: exploration effectiveness ONIYERS T

unique state cumulative discovery-to-
discovery deaths death ratio

= novelty info gain mmm empowerment g info gain Iempowerment
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Dreamer agent: InfoGain zoom in iR

B

£
Rewards

/ -,
X\\l / \ / ‘ information Gain

mmm
R et
0.0 lllllll

A

150000 175000 200000

25000 50000 75000 100000 12500..
Step

Hangi Zhou - University of Tubingen & IMPRS-IS 33




EBERHARD KARLS

Dreamer agent: empowerment zoom in UNIVERST AT G
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Dreamer agent: zoom in empowerment RObNOI

Rewards
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Dreamer agent: give empowerment a nudge UNIVERSITAT
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deterministic

stochastic

N
log visit count

= Novelty info gain mmm empowerment g info gain ;empowerment
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Dreamer agent: give empowerment a nudge UNIVERSTTAT
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How to match human exploration? R

observation

_ i
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« Each intrinsic motivation has limitations
representations * In the perception—action loop:
E\ « Agents can hack the motivation signal.

* Yet humans don’t seem to fall into these traps.
Why not?

» Some possible explanations:

* Humans operate in multi-goal, adaptive
environments.

* We switch between fast, intuitive and slow,
deliberative systems.

» We are scaffolded by teachers, core priors, and
social communication.
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