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» We observe learning histories of each learner

» We aim to estimate a learner’s knowledge states and predict future performance
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Existing models just can't keep up!

« Learning history %f:N = {t,x, yn}ll:N from learner ¢
» Interaction time 7,
- Knowledge conceptindex x, € {1,...,K}

- Learner’s performance y, € 0,1
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Existing models just can't keep up! VRS

« Learning history %f:N = {t,x, )’n}lmv from learner ¢

» Interaction time 7,

Latent state z,,

- Knowledge conceptindex x, € {1,...,K}

- Learner’s performance y, < 0,1 [ ®m O .|
Time ¢,
Concept x,,
: . Performance y,
. Latent knowledge states 2/, = [z, X, ..., 71 ¥]” )
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Existing models just can't keep up! ONIVERSITAT

« Learning history %f: = {t,x, yn} from learner £

» Interaction time 7,

Latent state z,,

- Knowledge conceptindex x, € {1,...,K}

- Learner’s performance y, € 0,1 O m 0O -

Time t, Prediction $,,, 1
Concept x,,

- Latent knowledge states Zf N = [Z s aniK]T Performance ,,

- Prediction y, .,

« p(¥,41 = 1) = sigmoid(z,,,;)
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Existing models just can't keep up! ONIVERSITAT

A Psychological methods: multi-factor regression
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Existing models just can't keep up!

A Psychological methods: multi-factor regression
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Existing models just can't keep up!

A Psychological methods: multi-factor regression
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Existing models just can't keep up!

A Psychological methods: multi-factor regression

JoZus1 | 100 tus 1> Xg1)

=qa- propertyxn+1
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. Memory capacity
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Existing models just can't keep up! UNIVERSITaT
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A Half-life regression (HLR; Settles & Seeder, 2016; Duolingo)
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(b) 30-day student-word learning trace and predicted forgetting curve
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Existing models just can't keep up! ONIVERSITAT

|ﬂ Psychological methods: multi-factor regression

& Diagnosis: explicit modeling of performance factors

&> Inflexibility: the amount of parameters increase as the learners/concepts increase
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Existing models just can't keep up! URURNCER

I l Deep learning models: embedding learning and fusion
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Existing models just can't keep up! URURNCER

I l Deep learning models: embedding learning and fusion
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Existing models just can't keep up!

. l Deep learning models: embedding learning and fusion

& High-capacity: can handle high-dimensional feature and large data

&> Interpretability: but what do these features mean?
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EBERHARD KARLS

UNIVERSITAT
TUBINGEN

21



Existing models just can't keep up!

« Alittle more efforts: deep learning + psychology
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NN models
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Motivation of Probabilistic Generative Model: PSI-KT

- Computational modeling [Jlzv ] :
A flexible architecture with

* |dentifiable interpretability
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Motivation of Probabilistic Generative Model: PSI-KT unlitiiar §

- Computational modeling [Jlzv ] :
A flexible architecture with

* |dentifiable interpretability

» Real-world scenario:

« Small data regime and real-time adaptation

Hangqi Zhou - University of Tiibingen & IMPRS-IS



How do humans learn in structured domains?
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& Human learners forget over time but reinforce knowledge through practice

& Prerequisites structure the domain by relating KCs
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How do humans learn in structured domains? UNIVERSITAT - &

& Human learners forget over time but reinforce knowledge through practice

& Prerequisites structure the domain by relating KCs

Learning process

Knowledge states J
Performance LD—F .\

c?=a’>+b*>—-2abcosy

ct=a>+b% - ?
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How do humans learn in structured domains? UNIVERSITAT - &

& Human learners forget over time but reinforce knowledge through practice

& Prerequisites structure the domain by relating concepts

Learning process Prerequisites
Knowledge states @ Multiplication
Performance AR "I\

@ Addition
c?=a’>+b*>—-2abcosy

ct=a>+b% - ?
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We jointly model learner traits and prerequisites

Observed
performance y

— g B —
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We jointly model learner traits and prerequisites

Latent .’. ] 2 ". )
knowledge states 7 ® 2@
Zn—1 Zn
\ N
Observed o Y U -
performance y
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We jointly model learner traits and prerequisites UNIVERSITAT
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We jointly model learner traits and prerequisites UNIVERSITAT

Latent o 3 .’. .
knowledge states 7 E § 1 f ( 2 3 0 )
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We jointly model learner traits and prerequisites

Latent
cognitive traits s learner { f—f >
) | Latent ° Je
nowledge states 7 .\\ 2o
Z'n,fl Zn
\ \
Observed e g Un .
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We jointly model learner traits and prerequisites ONIVERSITAT

Latent

cognitive traits s tearner ¢ f_f g Learner £
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Latent ° 2o

knowledge states 7

Observed o Ynig U - °
performance y

Hangqi Zhou - University of Tiibingen & IMPRS-IS



EBERHARD KARLS

Generative model: cognitive traits MR

Per learner s := (a’,u’,y’, c’) for personalization

leaner { - () —> > - Memory: forgetting rate &, long-term consolidation y©
« Structure: transfer ability y,f

« Noise: knowledge volatility Gf

Latent .o‘ " .~‘ g
2
knowledge states z ® \ 2@
Zn—1 Zn
\ N\
Observed o Yneig Yn

performance y
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Generative model: cognitive traits MR

learner { j} —_— f >

Latent

knowledge states z ° \

Observed

® %@
zi ()
\ N
Yn—1 . Yn

performance y
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Per learner s := (a’,u’,y’, c’) for personalization

7

« Memory: forgetting rate (x,f, long-term consolidation g,

« Structure: transfer ability }/,f

« Noise: knowledge volatility Gf

Evolution:
. st ~ Do, (s,’f | snf_l) =N (s,'f | Hsf_l,R)
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Generative model:

cognitive traits
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Latent
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Latent
knowledge states z
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zi.

« Structure: transfer ability y,'f

Observed L T

performance y
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Yngo

Per learner s,’f = (ar’f 5 ,u,'f 5 J/,'f 5 O',f ) for personalization

« Memory: forgetting rate a,’f , long-term consolidation ,u,’f

» Noise: knowledge volatility a,f

0.86

== PPE
| HLR
pm GrapHOUM

Accuracy

Zhou, H., Tejero-Cantero, A., & Wu, C. M (2023 CCN). The Dynamic and
Structured Nature of Learning and Memory.
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Generative model: knowledge states R AT

learner { j} —f >

Latent N N

Per learner & KC z,’f’k for learning dynamics

° LS Ornstein-Uhlenbeck process
knowledge states "
g Z ° \ 20 dz0k1dt = a’ (p? — 27%) + 6“n(2)
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\ \
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Generative model: knowledge states R AT

learner { j} —f >

1 Ef’{p (=aim) Per learner & KC 72 for learning dynamics
) | L:tentt t 2l dz0*/dr = o (ﬂf _ Zz,”,k) + an(t)
nowiedge states | '
g ‘,:\ » Short-term: exponential decay
> . ka Z exp( afz.f)
Observed o Yneig Yn
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Generative model: knowledge states

learner { j} —f >

Per learner & KC z,’f’k for learning dynamics

. : L:tentt ¢ \ Zp dz*%/dt = a (,u”ﬂ - Z'f’k) +0n(1)
nowledge states 7 P
4,:\ .  Short-term: exponential decay
Tn e, v
i > Ck _ ik L
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Generative model: knowledge states R AT

learner { j} —_— f >

Per learner & KC z,f’k for learning dynamics

Latent \ z) » Short-term: exponential decay
knowledge states 7 Pl \
P dzok/dt = a? ,L/ —727%) + a'fn(t)
<+ T,'; ’\ ............... i . ( )
- " . > » Long-term: shifted by global structure
zZo 1@ e .
. . ~Ck . € £ Z,
2 ® iy + (a2 + az 2, T A TV % AikZn g Ajx € HG
1
Evolution:
Observed e T Zih = 20 exp (—aft) + " (1 —exp (-alz)))
erformance ‘
P Y short-term dynamics long-term dynamics
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Generative model: observations UNIYERSHIAT

Per learner s := (a’,u’,y’, c’) for personalization

leaner { - () —> > - Memory: forgetting rate &, long-term consolidation y©
« Structure: transfer ability y,f

« Noise: knowledge volatility an

. S £,k . .
Latent .‘. s 3 .‘. s Per learner & KC 7, " for learning dynamics
z;, "

knowledge states 7 o e . Transient: dz”*/dt = a” (u* = 27%) + 6“0 (1)

g, 2kt ;

Zn-1 Zp, . Long-term: ,M,bj’k = /xlnf + 752 a,-kz,f”

X N i#k
Observation
Observed - y
— n . LY S

performance y . Emission: $5 ~ p (yZ | z2**) := Bern (sigmoid (z*))
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Inference model: (continual) variational inference
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Exact inference over latent variables @

* Full distribution over latents

» Point estimation over parameters
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Inference model: (continual) variational inference

Exact inference over latent variables & Latent
cognitive traits s learner {
Po(S1ps Z1y | Y120)

pe(sl n’ Zl TIDAE n)
I I pQ(SI ‘ne Zl ‘o yl I’l) Latent

S n
Lin = &1 knowledge states 7 o \ e
Zn-1 z

n—

Observed

>

n
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— >

performance y
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Inference model: (continual) variational inference UNIVERSITAT

We need help from NN-based

Approximate Bayesian Inference &2

4y (zl:m Siop | Y1;n> = 4y (len) d¢ (Slzn

|

pQ(Sl:n’ Z., | yl:n)

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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Inference model: (continual) variational inference UNIVERSITAT

We need help from NN-based Q

Approximate Bayesian Inference &

Optimization

q*(a)) Smallest KL\ “—___,——

= arg min KL[g,(@)llps(w | D)] o

Latent states @ := {s,.,,,Z;.,,}

Observation D := #',.,
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Inference model: (continual) variational inference UNIVERSITAT

We need help from NN-based Q

Approximate Bayesian Inference @®s

@

Optimization

q*(a)) Smallest KL\ “—____——

= arg min KL[g,(@)llps(w | D)] o

Latent states @ := {s,.,,,Z;.,,}

* *
q (Zl:n)q (Sl:n) Observation D := 7.,

= arg min KL[qu(Zl:n)qd)(Sl:n)”pe(sl:n’ Zy:p | yl:n)]
QIS

Hangi Zhou - University of Tiibingen & IMPRS-IS 47



Inference model: (continual) variational inference UNIVERSITAT

« ELBO
q¢(a)) %(0))
’ ’ o ! pow|D) 4 po(w | D)
q,(@)
= —E,[log py(D | w)] + E [log ] + log p(D)

Po(®)

—ELBO

Letno0) = Egy [l0g D | 0)] = KL | gy(@) lIpy(@)| e

Hangi Zhou - University of Tiibingen & IMPRS-IS 48
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Inference model: (continual) variational inference UNIVERSITAT

« ELBO for fixed learning histories
Lg go(@,0) = [Eq¢(w) [log Po(D | 60)] — KL [q¢(0))||l99(0))]

— [Eq(ﬁ(zl:n,sk,,) [log PoOVin | 20 S10) —log(qd,(zl:n, S1:0) — Po(Zyons S1: | Zos So))]

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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Inference model: (continual) variational inference

« ELBO for online data

Cognitive traits 5, ~ gy (S,-1 | Yin—1)

Knowledge states z,,_; ~ g5 _ (Z,_; | y1.5-1)

Performance y,_;

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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Inference model: (continual) variational inference

« ELBO for online data

Cognitive traits 5, ~ gy (S,-1 | Yin—1)

Knowledge states z,,_; ~ g5 _ (Z,_; | y1.5-1)

Performance y,_;
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Inference model: (continual) variational inference

« ELBO for online data

Cognitive traits s, ~ py _ (5, | $,-1) j}—f >
- *
s> R
o 7@
2@

KnOWIedge StateS Zn ~ pg 1(Zn | Zn_ ’Sl’l)
A A %

n—1 n

Performance y,_; -

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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Inference model: (continual) variational inference

« ELBO for online data

Cognitive traits s, ~ py _ (5, | $,-1)

Knowledge states 2, ~ py (2, | 2,_;,5,)

Performance y,

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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Inference model: (continual) variational inference UNIVERSITAT

« ELBO for online data

COgnitive traits pen_l(sn I sn—l) q¢n_1(sn | yl:n) > > >
Ry SN
o P )
)

Knowledge states py _ (2, | Z,_1,5,) 95 _ (Z,_1 | Y1:0-1)
Z’I’L
N
Performance y, comes L yn—l. Yn
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Inference model: (continual) variational inference UNIVERSITAT 6

« ELBO for online data

Lgipo(@.0) =E, (4, |log py(Dy., | ®,,,)] — KL [%(wlzn)”pe(wl:n)]

Lerso@ 6 = Eqy 0 | 1022, 1 0,)| = KL |g, @)llgy,_(@,-)]

Hangqi Zhou - University of Tiibingen & IMPRS-IS 55



Overall

Latent

cognitive traits s leamer{ (s, ) —»
Latent inference: T l

Online variational inference

Lgigo(9,0) Latent o . o
Ey ) [log py(D | w)] knowledge states z ~ .z 2 .Z ¢
—KL [q¢(w)||pa(w)] T l Zn-1 Zn
\ N
Observed g U

performance y

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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Per learner s (an , ,Un 5 7/n ) nf)

- forgetting rate a , long-term
consolidation /,tn

« transfer ability y,f

» knowledge volatility af

Per learner & KC Zf’k

. dz7f/dt = af (/4 -z )+O' n(t)

~f, Al )
. Ky = My +yn2 tkznl
i#k

Observation

¢ Emission:

o ~p (y,’f | zf’k) := Bern (sigmoid (zfﬂ)
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KT datasets
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* Assistment 2012
e Assistment 2017
* Junyi 2015

* Pre-college mathematics study

user_id exercise problem_type
0 12884 time_terminology analog_word
1 239464 multiplication_1 0
2 147359 adding_decimals_0.5 0
3 158155 multiplication_1 0
4 147151 subtraction_2 subtraction-2

Hangqi Zhou - University of Tiibingen & IMPRS-IS

problem_number
1

6

6

3

10

Exercises distribution on area in knowledge map

20 area
* algebra
® geometry
10 * arithmetic
® analytic-geometry
g unknown
g 0 * probabllity-statisti
8 * calculus
é -10 biology
>I logics
-20
-30
0 20 40 60
h_position
topic_mode suggested review_mode time_done time_taken time_taken_attempts correct
False False False 1420714810324490 4 3&1 False
False False False 1403098400836660 2 2 True
False False False 1418890695540340 16 16 True
False False False 1400469444264040 2 2 True
True True False 1382650905730160 4 4 True

57



EBERHARD KARLS

UNIVERSITAT

P=i: Achieving predictive accuracy on limited data IR

« Within-learner 10-step prediction performance as a function of cohort sizes

Assist12 Assist17 Junyil5

70 ———t 03] e ——t

?)\ v v ~ - X 24 .85 A : + + A

e ’/V'

g

<E55 —=

' . . . . B - . . . R A} . . . 7S —
100 200 300 400 500 1000 9954 100 200 300 400 500 1000 1358 100 200 300 400 500 1000 62124

# [ earners

# 1.earners # 1.earners

== QIKT =+ GKT == HKT =#= AKT
=4 PSIKT
=8= DK TF == DKT =#= PPE HIR

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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« Cumulative training time of continual learning

Assist]2 Assist]7 Junyil5
4 4 4

le3 le3 lle3

Time (s)

10 20 30 40 50 60 70 80 90 10 20 30 40 50 60 70 &0 90 10 20 30 40 50 60 70 80 90
# Data Points # Data Points # Data Points

== QIKT =s= GKT =8=HKT =% AKT
== DK TF =#= DKT =#= PPE HI.R

== PSIKT

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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I: Modeling interpretable reps. from the ground up UNVisITar P

« Cognitive traits: forgetting rate, consolidation memory, transfer ability, volatility

learner ¢ >ﬁ—>§r) >
l - l *>
N g Nl o
' Z @
2
o \ z, @
Zn—1 Zn

\ \
I N ynfl. Yn N .
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« Cognitive traits: forgetting rate, consolidation memory, transfer ability, volatility

Representation capacity

» Specific to each learner
» Consistent across data splits
» Disentangled across dimensions

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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« Cognitive traits: forgetting rate, consolidation memory, transfer ability, volatility

Representation capacity

» Specific to each learner: Mi(s;#) = H(s) - H(s | £)
» Consistent across data splits

» Disentangled across dimensions
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learner { >? —pﬁ >

/J o /J o
° 2@

2
.: \ 2, @
Zp 1 z

n— n

62



I: Modeling interpretable reps. from the ground up  UNIVERSITAT &

EBERHARD KARLS

« Cognitive traits: forgetting rate, consolidation memory, transfer ability, volatility

Representation capacity

» Specific to each learner

» Consistent across data splits:
[Efsub MI (5% Zgup ) = [E,f;Sub [H(s | £)—H(s | Zsup )]

» Disentangled across dimensions

Hangqi Zhou - University of Tiibingen & IMPRS-IS
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« Cognitive traits: forgetting rate, consolidation memory, transfer ability, volatility

Representation capacity
» Specific
» Consistent across data splits

» Disentangled across dimensions:
KL(s12) == H()fun — H(s | )diag
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« Cognitive traits: forgetting rate, consolidation memory, transfer ability, volatility

Representation capacity

Metric Dataset Baseline PSI-KT

« Specific to each learner Soccificite Assistl2 88 8.4
1\/[131(-~ €)>¢ Assist]7 10.1 10.0

- Junyil5 13.5 14.4

» Consistent across data splits

. . . Consistency ™~ . Assisti2 12.2 bigs

» Disentangled across dimensions E, MI(ss 6 | A7 64 6.4
Loub* 3 Laub Junyil5 7.1 5.0

Disentanglement Assist]2 23 7.4

) 2 Assistl7 0.6 84

Dia.(sl1€) 1 Junyils 5.0 11.5

Bold indicates the better model.
PSI-KT vs. the best baseline model.
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 Knowledge structure: prerequisites

Structure correctness:
learner { > —_ >
« Human-annotated ground-truth % %
- Learners’ progress O 1 4
.: \ Z @
Zn—1 Zn
\ N\
. N ynfl. Yn N .

Hangqi Zhou - University of Tiibingen & IMPRS-IS

66



EBERHARD KARLS

I: Modeling interpretable reps. from the ground up  UNERSITAT

 Knowledge structure: prerequisites

Structure correctness:
learner { > —_ >
« Human-annotated ground-truth % %
y & vo’ N ’0’ >
* Learners’ progress ° ie
.: \ P )
Metric MRR T  JSexpertt JScrowd?T nLLJ] o N k \
Dataset Junyil5 —n0—'m g
Best Baseline .0082 0015 0047 3.03
PSI-KT .0086 0019 .0095 4.11
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 Knowledge structure: prerequisites

EBERHARD KARLS
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Structure correctness: causally support in human learning

multiplication 0.5 area unitcm triangle length

square of side ~
[ Q 0753

0556 70910

pythagorean
theorem |

addition 1

Inferred graph

0.731 0.654
/

0583 l
.fln'cnnl' o842 'OI( 071z (D perimeter of
parallelograms area combined shapes
Graph 0
(B
Behavioraldata _  Yn1g Yno J

®

Background info (e.g., learner’s
ability, other concepts) causes
correctness on k

Hangqi Zhou - University of Tiibingen & IMPRS-IS

Graph 1

nodei| C B

support,_; := log P (% | G,_;)
node k\és/ _lOg P (% | Gi_’k)

Correctness on i causes
correctness on k
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 Knowledge structure: prerequisites

Structure correctness: causally support in human learning

multiplication 0.5 area unitcm triangle length pythagorean
square of side ~ theorem |
O 0.753
-~ - idition 1
7 5 — 0910 addition
Inferred graph o7 oest o 0556
| ~ .
‘Q 0.842 O< 0.712 (3

area of perimeter of

parallelograms area | combined shapes
Graph 0
(B
Behavioraldata _  Yn1g Yno J

®

Background info (e.g., learner’s
ability, other concepts) causes
correctness on k
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Graph 1

nodei| C (B
Q /,
N/

\\ ,/

node k @5

Correctness on i causes
correctness on k
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support;_,, := log P (% | Gi—>k)

—log P (% | Gi_y)

1
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 Knowledge structure: prerequisites

Structure correctness: causally support in human learning

support;_,, := log P (% | Gi—>k)
—log P (Z | G_;)

# Binned mean = SE

—— Regression line
4.5 HKT [3 AKT 3 HKT 95% Cl
i — Assistl2 ‘[, I 3 Assist17 X - . Junyil5
s : ; 1.8
OIS 3 55 [0 4 i ! 110 54 64§
z ! } t f— —3
P W bty S S T
g L«‘ 1 { } [ + # | %
s S 06t
T 02 03 04 05 06 07 08 09 0.3 04 0.5 0.6 0.7 00 01 02 03 04 05 06
Inferred Edge Probabilities Inferred Edge Probabilities Inferred Edge Probabilities
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PSI-KT

Predictive, Scalable, Interpretable
Junyil5 4 Junyil5 4|*  PSI-KT
le3/
+ PSIKT | = PSIKT -410 .
/| —— T T T T T T T T -
200 300 400 500 1000 62124 10 20 30 40 50 60 70 80 90 Scaled Interval 7/ o,
# Learners # Data Points

Knowledge tracing for future intelligent tutoring systems
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