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Program induction UNIVERSITAT

A B

i) primitives 2 ’1} l T -
procedure GENERATETYPE
/1\‘ A /\ K< P(r) - Sample number of parts
fori=1..xdo

i - 1wy — P(ngls = Sample number of sub-parts
ii) sub-parts Q—)D L l—) . ,O l g ! (r;|%) pl P
forj=1..n;do
\“/ ‘/ / l ¢ ! Sy P(b”lﬁ,(, 1;) & Sample sub-part sequence
end for
iii) parts 3 L L ) R; « P(Ri|S),...5_1) & Sample relation
1 L end for
. ) \ / \ \ / W — {x, RS}
;‘Qr:blft? relation: relation: relation: return @GENERATETOKEN(y)) > Return program
P attached along attached along attached at start
type level

T A A
/1\A /\ /\ procedure GENERATE TOKEN(1))
fori — 1..ndo
v) exemplars BL 5]). 311 ‘9 é ib S p(si™s:) > Add motor variance

Lnnj P(L“IR - ul‘m.lfn )
vi) raw data l

Ilﬂ
l B Sample part's start location
E e R

7™ p(L™ $™) Compose a part’s trajectory
end for

AC® o PA™) - Sample affine transform
Fig. 3. A generative model of handwritten characters. (A) New types are generated by choosing primitive actions (color coded) from a library (i).
combining these subparts (ii) to make parts (iii). and combining parts with relations to define simple programs (iv). New tokens are generated by running
these programs (v), which are then rendered as raw data (vi). (B) Pseudocode for generating new types v and new token images /™ form =1, ..., M. The
function f (-, -) transforms a subpart sequence and start location into a trajectory.

Tt p(Tled Tl gl - Sample image
return 7™

Lake, B. M., Salakhutdinov, R., & Tenenbaum, J. B. (2015). Human-level concept learning through probabilistic program induction. Science, 350(6266), 1332-1338.
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Resource rationality

* Resource: we are resource constrained,
e.g., attention, memory, ...

- Rationality: we act to maximize our
expected utility

* Trade-off: we make use of limited resources

in an optimal or rational manner
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Optimality: EUT, Bayes, Logic

junachievable

ideals
Resource rationality

[ "\ — minds that are feasible with
...Bounde ' :] our brain’s limited resources

- rationality -

Figure: the best biologically feasible mind out of the infinite set of

bounded-rational minds



Resource rationality

Rate-distortion theory (RDT) is used as a computational model

Communication channel

Distortion
> dX,X)
Encoder Decoder
Information @ p “ l X) P l Z) "I'ransmitjted
source information

»
] /_.

Hangqi Zhou - University of Tiibingen & IMPRS-IS

EBERHARD KARLS

UNIVERSITAT &

TUBINGEN




EBERHARD KARLS

Melody program induction under constraints R

Encoder Latent Decoder

N Recall X
pII| X) program I1 pX | II) eca

Melody X

b-] up(c,3) down(4,3)
up(c,3) down(4,2)mem(C)
G-] mem(D,D,E,F) mem(B,G,G,C)

DDEFBGGC CDEFAGFE
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EBERHARD KARLS

Melody program induction under constraints UNIVERSITAT
Encoder Latent Decoder N
Melody X p(IT| X) orogram 11 p(X' I Recall X

t=] up(C,3) down(4,3)
up(c,3) down(4,2)mem(C)

G-] mem(D,D,E,F) mem(B,G,G,C)
CDEFAGFE

DDEFBGGC

"B . r
c \__ RDcurvewithrate K,
'g distortion d

[e]

k%] | Feasible

a

Q, " | Unachievable
Rate (complexity) A
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Melody program induction under constraints UNIVERSITAT
What is missing when modeling human learning with RDT?

* RDT: How can we transmit a message as efficiently as possible while minimizing information loss?

« Human: How do our internal compression models evolve as we learn? / How do we determine what

constitutes the “optimal” encoding over time?

up(c,3) down(4,3)
G) up(C,3) down(4,2)mem(C)

mem(D,D,E,F) mem(B,G,G,C)
DDEFBGGC CDEFAGFE
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Melody program induction under constraints R

63 up() N=3
[@ Library £ down() N=3
=) up(c,3) down(4,3) N=1

Melody X Recall X
G-] up(c,3) down(4,3)
G-] up(cC,3) down(4,2)mem(C)

DDEFBGGC mem(D,D,E,F) mem(B,G,G,C) CDEFAGFE
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EBERHARD KARLS

Melody program induction under constraints R

63 up() N=3
[[B Library £ | =) down() N=3
up(c,3) down(4,3) N=1

Melody X Description length 17, Search Recall X
5] up(C,3) down(4,3) budget R,
b-] up(C,3) down(4,2)mem(C)
DDEFBGGC b1 mem(D,D,E,F) mem|(3,G,G,C} CDEFAGFE
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MeIOdy Iearning empowered by libraries UNIVERSITAT

previous library £ updated library £
_____ N /'- \* ”’_..——>

@ Update @

inferred program (™)

abinarytree 7 = [r,z, 9]
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Melody learning empowered by libraries UNIVERSHTAT &

Search for programs (within a melody):

- Description length R;: An upper limit previous library £ updated library L("")_)
“““ - /’/- \ e

on the length of the programs Update
» Search budget R,: An upper limit on \Searc/

how many programs are considered

p-
(n) (n)
p(x | X*) o« p(X™ | 7) p(x) inferred program (")
abinarytree 7 = [r, 2, 9]
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EBERHARD KARLS

Melody learning empowered by libraries UNIVERSHTAT &

Search for programs (within a melody):

previous library £"=1) updated library £
_____ - — T o7

Update E]

» Description length R;: An upper limit

on the length of the programs

» Search budget R_: An upper limit on \Sea

how many programs are considered

h 53
b~

p( | X(n)) X p(X(”) | 7) p(7) inferred program (")

Prior abinary tree © = [r, z, ]

 Description Iength_1

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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Melody learning empowered by libraries

Search for programs (within a melody):

» Description length R;: An upper limit
on the length of the programs

» Search budget R_: An upper limit on

how many programs are considered

p(x | XM) o p(X" | 1) p(x)

Likelihood

 Distortion™!

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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updated library £

'''' - — \\

(D
\ ’
Sear‘ch/

>

inferred program 7 (")

a binary tree © = [r, 2, 9|

Update E]

/

-

-

- -
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Melody learning empowered by libraries UNIVERSHTAT &

previous library £"—1) updated library £

_———
_____ -

-
T ’/

@ Update @
Sear‘ch/

>—~

inferred program (™)

abinary tree m = [r, 2,y

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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Update the library to prefer useful
programs (across melodies):

- Initial prior: proportional to simplicity
« Updated prior: proportional to usage

(entropy coding)

p(r | XMy o p(X™ | 7) p(| X

Updated prior
x Usage frequency

14



Augmented by 1) backtracking
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63 up() N=3
[E] Library £ | (=) down() N=3
G=) rep() N=3
G-] rep(D,2)
[ iF | MelodyX]
[

DDEFBGGC

() rep(D,2)up(E, 1)

DDEFBGGC

DDEFBGGC
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previous library £("=" updated library £
————— - m S
@ Update g]

SearAch/
-]

inferred program (")

abinarytree © = [r, 2,9
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Augmented by 2) hierarchical library
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63 up() N=3
[@ Global library Lgiopa G=J down() N=3
G=] rep() N=3
[@ Local library Ljocal ]
b-] rep(D,2) b=] rep(D,2)up(E, 1)
[.ﬁ Melody X ] - -
 E——  —— | E—

DDEFBGGC DDEFBGGC DDEFBGGC
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previous library £("—"

~ —

@ Update @

& i 5
earAc/

b-]

inferred program (")

abinarytree © = [r, 2,9

-
’
~

~

updated library £

-

N
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Augmented by 2) hierarchical library URORNGEN
up()  N=3
[@ Global library Lgiobal BJ down() N=3 previous library £~ updated library £

rep() N=3

-] rep(D,2)
[@ Local library Liocal ]
b=J rep(D,2) B-] rep(D,2)up(E, 1)
[,ﬁ Melody X ] - -
| I——  I——  ——

DDEFBGGC DDEFBGGC DDEFBGGC
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e
- /’—\ -

@ Update @

/" \ y \\\
Sear‘ch/

inferred program ()

abinarytree m = [r, z,y]
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Augmented by 2) hierarchical library UNIVERSITAT

6 up()  N=3
i N=3
[@ Global library Lgioba J C-] down() previous library £~ updated library £
-] rep() N=3 e
@ Update @
[ 6] rep(D,2) L A o
® Local library Ljocal ] ’ \SearAch/
L-]
inferred program 7 (™)
=l rep(p2 -] - abinary tree m = [r, 2,9
[ﬁ Melody X ] - -
— —— L

DDEFBGGC DDEFBGGC DDEFBGGC
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Augmented by 2) hierarchical library

UNIVERSITAT
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[IE Global library Lgiobal ]

[[Zj Local library Ljocal ]

63 up() N=3
G- down() N=3
G=] rep() N=3
-] rep(D,2)

All melodic

patterns

Pop, rock,

classical, jazz

All English

words

Fiction, history,

autobiography

=] rep(D,2) =] rep(D,2)up(E, 1)
6 6 6 =k=1=
[.ﬁ Melody X ] - -
I —  ——  I——
DDEFBGGC DDEFBGGC DDEFBGGC

Blei, D. M., Griffiths, T. L., & Jordan, M. I. (2010). The nested chinese restaurant process and bayesian nonparametric inference of topic hierarchies. Journal of the ACM (JACM), 57(2), 1-30.
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Experiment paradigm: ChirpChampion UNIVERSITAT

Learning - recalling - predicting

@ m ;".‘ Welcome to Chirp Champions, where every bird has a song and every song tells a story!

- You are a young bird in a vibrant, musical forest, eager to learn the enchanting songs of
‘a »° ‘ ‘ m your community. Your bird teachers will guide you in learning the songs of the various
~ L - -~

birds species in your area.

Hangi Zhou - University of Tubingen & IMPRS-IS 20



Experiment paradigm: ChirpChampion
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Learning - recalling - predicting

MDODDW DM DoDDm @ODDm @000 m

Phase 1: Learning

Score: 23/100
Notes: 3/13

‘ Press the notes ] i
highlighted in blue!
~ L
Your task:
» Repeat the note one by one.
S D F J K L

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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EBERHARD KARLS

Experiment data UNIVERSTTaT
1. We do compression

- How can we explain performance (distortion in recall)?
- Hypothesis: Performance may improve with practice, but worsens as the melody becomes

more complex.

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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Experiment data
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1. We do compression

« How can we explain performance
(distortion in recall)?
« Hypothesis: Performance may improve

with practice

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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EBERHARD KARLS

Experiment data VRS
1. We do compression

- Hypothesis: Performance worsens as the melody becomes more complex.

Representation graph
i 't rti n ~ O-%] Parent chunk \O
distortio 5: Chunk s Children chunk I:-

{0 variable @b yariane

program complexity O~ EJ Entaing chunks g’

+ chunking complexity . B=cuv H_ WS

+ entropy order-1 transition probabilities

+ length

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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Experiment data

1. We do compression

distortion ~
program complexity
+ chunking complexity
+ entropy

+ length

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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Regression Coefficients with 95% Cls

? *k
rog w/ Hierarchical

-
' Prog w/ Global
i . *%kXk
' Program
| ¥
Chunking
Stjbmelody ID
Q
Melody ID
—
Length
| . *
Intercept : Entropy
[ B \
-5 -4 -3 =2 -1 0 1 2
Coefficient Estimate
B Significant @® Non-significant
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2. We do compression with programs

1) Reaction time: to identify ‘chunking’ boundaries, i.e., where participants naturally pause,

indicating melody structure.

2) Error pattern: to identify whether participants make systematic errors.

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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2.1 Reaction time (human) vs. program boundary counts (model)

Melody X Recalled X
up(c,3) down(4,3)

G) up(c,3) down(4,2)mem(C)

Gz mem(D,D,E,F) mem(B,G,G,C)
DDEFBGGC C D E F A G F E

RTT|||||.|‘

Hangi Zhou - University of Tubingen & IMPRS-IS 27



EBERHARD KARLS

Experiment data UNIVERSITAT

2.1 Reaction time (human) vs. program boundary counts (model)

Big changes in reaction time (RT) show when

Histogram of Average Chunk Sizes Across Participants

people are switching between mental “chunks”

- Compute first-order RT differences: A; = RT;,; — RT; 0]
]
+ Define a threshold to detect significant increases: g 25
% 10.0
Threshold = py + 4 - 0y 3
£ 75

5.0 4

2.5+

0.0
3 5 7

Average Chunk Size

Hangi Zhou - University of Tubingen & IMPRS-IS 28



Experiment data

EBERHARD KARLS
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2.1 Reaction time (human) vs. program boundary counts (model)

Reaction time (log space) ~
+ Program boundary
+ Chunking boundary

+ Note index

Recalled X

C D E F A G F E
RT
I I I 1 | I 1 1 |

Regression Coefficients with 95% Cls

: ok

: Prog w/ Hierarchical
|
|

o
Prog w/ Global

o
Program

|
. i
Chunking :
l Kk
Note ID

kk
?ubmelody ID

Intercept

|
: e
|
T

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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-10 -5 0 5 10 15
Coefficient Estimate

B Significant @® Non-significant
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Experiment data UNIVERSITAT

2.2 Error patterns

* Vertical shift + Repeating

6 6
3: ] - s = =8 sie : : 3: o [ ] ] i = - P = p u
34 = ] L] = = - ] =
%.: - ™ %: .
‘g‘l: [ " " : e : = = = g: . = s s — B
34 = [ = " = = 44 = B u [ ™
21- . 8 = L] s = g: -
' ' ' ' 1 H =
H g: : " L] : El T o = "
» Temporal shift e s I o .
3 e - = ile s - : -
4 4 B Hl = = z
3] - :
a -~ « Simple program
6 W
54 s = L]
44 = = = = = s =
%: e : : = s = . a [ ] i
1 .

m ground-truth

W error
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Experiment data

2.2 Recalled note sequence (human) vs. prediction (model)

Probability of pressing a key is based on a weighted sum of features:

Choice(x) o exp(F - w)

- F = feature matrix (what the model predicts)

« W = weights (learned from data)

Recalled X

Note categories

CDEF

Hangqi Zhou - University of Tiibingen & IMPRS-IS

Model

prediction F’ Model weight W

= T I
- T

ﬁ @
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Model ensembled Y
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Experiment data
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2.2 Recalled note sequence (human) vs. prediction (model)

Probability of pressing a key is based on a weighted

sum of features:
Choice(x) o exp(F - w)

- F = feature matrix (what the model predicts)

+ W = weights (learned from data)

Hangqi Zhou - University of Tiibingen & IMPRS-IS

Vertical

Temporal

Chunking

Program

Prog w/ Global

Prog w/ Hierarchical

Posterior Weights with 95% Confidence Intervals

-2 0 2 4 6

Weight Estimate (MAP)
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Simulation on curriculum UNIVERSITAT
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Curriculum in existing works B Random Bllateral
s2ed) e
@ Experiments 1and 2 casel 3 i 4
Construct Deconstruct b 4 § 3
Phase | Phase Il Phase | Phase Il o2 i
3 Z | ] @ mm @ ) T-‘_. : i
T Om @ @ @ /3
3% m @ m 2 m 2 m """“"’\ woumi 5
7)) Zm Zm (2] | ] 5 |
2 @ Z 3 | 2 4
%) ?m Z1 ] %) Exp. 1 Exp 2
(stripe() <) (stripe(a) = 8 - spot(a)) Aligned Misaligned Blocked Interleaved

b
1.00 1.00

] YA
£ o015 / W 0.75 y/
- V//
£ /,
G Y,
£ 0.50 A /4 0.50 - / ;
g i d W
5 0251 42 42 0.25 \é/

04 0
Phase | Phase Il Phase | Phase ||

~ S ~ B
0000 6ooo§ 000 PXITY N
0000\ (00000 (060000 /00000
OJOXOXo! [oo©oo ooooo)(oo@oo'
\00000 /\

Grid task
(linear)
00008

®
0®00 .@.@.
L JoX

' N

.

a)
®)
6)
)
»

Polar task
(non-linear)

(©)= waining location (@) = test location (1)(2)(3) = exampie vaiid training order

Zhao, B., Lucas, C. G., & Bramley, N. R. (2024). A model of conceptual bootstrapping in human cognition. Nature Human Behaviour, 8(1), 125-136.
Dekker, R. B., Otto, F., & Summerfield, C. (2022). Curriculum learning for human compositional generalization. Proceedings of the National Academy of Sciences, 119(41), e2205582119.
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Simulation on curriculum
Sensitivity to curriculum

50 melodies under 100 different curricula:
« Only ~3.19% of programs are the same under

different curricula

 This cannot be accounted for by stochasticity
of training alone

« Humans also show path-dependence

Hangqi Zhou - University of Tiibingen & IMPRS-IS

Generalization

distortion

0.6 1

0.54

0.4

0.3 1

0.2 1

0.1 1

0.01
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Learned
library

Random
library
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Simulation on curriculum

What is a good library?

A synergistic curriculum building method using

principles of partial information decomposition

S(&Z, X) = [(ﬂl,ﬂz;X>
—R (7[1,7[2;X>
-U (Jtl;X)
-U (ﬂz;X)

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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0.24 4

0.20 4

Random
curricula

Synergy
curricula
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Knowledge tracing in mathematics ORI

Description length Search
2 up(C,3) down(4,3) budget
up(c,3) down(4,2)mem(C)
DDEFBGGC ) mem(D,D,E,F) mem(B,G,G,C) CDEFAGFE

12+7= Forgetting rate

Transfer
ability

10

16

19

Zhou, H., Nagy, D. G., & Wu, C. M. (2024). Harmonizing program induction with rate-distortion theory. arXiv preprint arXiv:2405.05294.

Zhou, H., Bamler, R., Wu, C. M., & Tejero-Cantero, A. (2024). Predictive, scalable and interpretable knowledge tracing on structured domains. arXiv preprint arXiv:2403.13179.
36
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Explanations beyond curriculum Stanford UNIVERSITAT P

University
Curriculum in existing works @ T

* Learning in the right order i

« Given the target concept, learning with the right material

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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Explanations beyond curriculum Stanford  UNIVERSITAT

Explanations in existing works

« What?

Symptoms of depression include low energy,

3 Ty . Now [ ___
l inability to get out of bed, and low motivation. Low g Know it is

Q I guessx energy and low motivation can cause someone to Yes!
No? seem like they are slacking on responsibility.
Question: Tknow Depression is a medical condition that affects the The
Can depression be —>» ‘\ this, \/ W brain. Laziness is a behavior that results in reduced -‘ answer is

mistaken for lazmeee” its Yes! producthty still Yes
—_——===—==—=
1Gold Answer: Ves . (=39 Maybe, _ Deprebblon is characterized by low energy. Ldzmebs h
| Y. o it's F is characterized by being oblivious to problems at o €.
Yes .. X . =/ answer is x Non-Useful
. home. Symptoms of depression include insomnia, L No

low mood, and fatigue.

Figure 2: An illustration of measuring human utility of machine rationales. We evaluate whether a human’s
belief of the answer changes before and after seeing a rationale generated by an LM.

Hangi Zhou - University of Tubingen & IMPRS-IS 38
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@ Stanford UNIVERSITAT
$d University TUBINGEN

Explanations beyond curriculum

Explanations in existing works

. What & Why?

Bob: "I see where we're going." Bob: "Wait, why are we going east now?"

LY LY

ﬂ‘ﬁ
~ We

060
06090

&
00

Chandra, K., Chen, T,, Li, T. M., Ragan-Kelley, J., & Tenenbaum, J. (2024). Cooperative explanation as rational communication. In Proceedings of the Annual Meeting of the Cognitive Science
Society (Vol. 46).

Hangi Zhou - University of Tubingen & IMPRS-IS 39
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Explanations beyond curriculum Stanford  UNIVERSITAT

University TUBINGEN

How... How to solve a
How to do it? jigsaw puzzle

0 UE'(OW‘E
V e =z ﬁ’\‘/(
‘ leue: an(m)i;

a»d #n) o

\/=6S+o"4U. .. A P

How’s my performance?

How do | improve on it?

Decension

2= fn) £

How do you know all of this?

A property trading game (ages 8+
How to play Monopoly?

Begin by sorting the pie~-
ces by color, then look
for the edges, and ...

So you just match the color or number.
BUT if you want to dominate, let’s
talk bluff psychology and reverse

stacking.
Step 1: Do not flip the board. Figure source: GPT-40 (prompts are my own :)

Hangi Zhou - University of Tiibingen & IMPRS-IS 40
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What makes an explanation good, in context? & Stanford unIViRsiar

University

Generate and evaluate explanations that are tuned to
* the learner’s current knowledge and abilities, and

« pedagogical goals (engagement, curiosity, and learning transfer).

The big question is:
- What makes an explanation good, in context?
- And how can we design tools (LLMs) that don’t just explain well, but explain like a great

teacher would?

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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Problem setting

. HH'RH:'\JEIW KARLS
%‘ Stanford UNIVERSITAT
L University TUBINGEN

Has a task 7™ with a reward function R

+ Knows the task (and even the distribution
T~ )

+ Knowledge

+ A (more “complete”) world model wy

- Learner’s past experiences 7"~ 1
- Goal
+ Extrinsic: help the learner finish the task with

explanation e

+ Intrinsic: pedagogy + unknown

Hangqi Zhou - University of Tiibingen & IMPRS-IS

+ Knowledge
« A (limited) world model w;

+ Goal
+ Extrinsic: finish the task and get the reward
* Intrinsic: unknown

7
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EBERHARD KARLS

Problem setting 8 Stanford - UNIVESITAT

Has a task 7™ with a reward function R

+ What can be explained? * How much should be explained?

« Policy 7: here’s exactly what you should do * Memory load

next. * Inference load

+ World model w: here’s how the terrain works --
pits block you, keys open gates.

+ Value function v: it’s important to explore early,

worth taking a detour for long-term gain.

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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Problem setting @ Stanford - uNIVERSITAT

University

Has a task 7™ with a reward function R

» Inference

w7 ~ P, (w, x| e, wé”_l))
= P( | w,e)P (w | e,w" ™)

« Utility function

U, (e; T(”)) — R(;z(”)) + R, Reward
—C( PL) Learning cost
e =" e =wr e=v
T T
Compute L M H
Memory H M L
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Problem setting

. I,ISI'}\‘HI\_I\’[) KARLS
5‘ Stanford UNIVERSITAT
) University TUBINGEN

Has a task 7™ with a reward function R

wg—l) ~ PT(W | T(l:n—l))

* Inference

A A ~(n—1
wg’),ﬂg‘) ~ Pp <W,71' | e, wg’ )>

+ Utility function
Urp(e; T™) = R(Z™) — C1(P;)
—Cr(e)

+7 - Eqoin o [Rposn ()] = Cp(Py)
—Cy(Py)

Hangqi Zhou - University of Tiibingen & IMPRS-IS

+ Inference
w2 Pr(w,7 | e, wi”_l))

= Pr(z | w,e)Pr(w | e, wé"_l))

+ Utility function
Up(e; T™) =R(z™) + R,
-C(PL)

Learn’s performance
Communication cost

Long-term pedagogy reward

Inference cost

7
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EBERHARD KARLS

Stanford UNIVERSITAT
University TUBINGEN
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Problem setting @ Stanford uNIVERSITAT P

University

@ m How to play the game?
™ — How to get to the trader?

Walk Locate Clamber Vault
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EBERHARD KARLS

Stanford UNIVERSITAT
University TUBINGEN
+ Sensitive to learner’s background
- AtoBtoC
« Learner needs less effort

(more reward)

+ Teacher needs more
inference cost

+ Teacher needs more
communication cost

Hangqi Zhou - University of Tiibingen & IMPRS-IS



EBERHARD KARLS

Stanford UNIVERSITAT
University TUBINGEN
+ Sensitive to computation cost
- BandD:
« Learner needs less effort on

B (more reward)

+ Teacher needs more
inference cost on B

+ Teacher needs more
communication cost on B

Hangqi Zhou - University of Tiibingen & IMPRS-IS



EBERHARD KARLS

Stanford UNIVERSITAT
University TUBINGEN
+ Sensitive to long-term goal
- AtoBtoE:
« Learner needs more effort

(more reward in the long run)

+ Teacher needs more
inference cost

+ Teacher needs more
communication cost

Hangqi Zhou - University of Tiibingen & IMPRS-IS



EBERHARD KARLS

Stanford UNIVERSITAT
University TUBINGEN
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Thank you for listening!

Question?
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