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Solves or simulates solving problems in the many ways students can

IF GOAL IS SOLVE A(BX+C) =D Y Py e gy
THEN REWRITE AS ABX + AC = D = =
THEN REWRITE AS ABX + C =D

IF GOAL IS SOLVE A(BX+C) =D
SKILLS THEN REWRITE AS BX+C = D/A

6X-15=9 2XirD=13 6X:--5:=9

[1  Example benefit of cognitive model: Model Tracing

[0 follow students through individual approaches to
problem = context-sensitive instruction
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CONGNIHE R E O D)=

Solves or simulates solving problems in the many ways students can

HAS: REQUIRES:

KE€I:80% KCI:2.32

E.G.:

KC2:72% KC2:0

b right answer

KC3: |'1% KC3: .07

» forgot to carry.

KE€4: 347% KE4:0

» heeded 2 hints

E.g.,James L. E.g., find the area

of region B
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CONGNIHE R E O D)=

Solves or simulates solving problems in the many ways students can

HAS: REQUIRES:

KE€I:80% KCI:2.32 E.G.:

KC2:72% KC2:0 » right answer

KC3: I'1% KC3: |.07 » forgot to carry

KC4:34% KC4:0 » needed 2 hints

E.g.,James L. E.g., find the area

of region B

i.a_

1 1
CINRE Lﬁ# I TJ—' H NI EN R ]
35 BT T WG D O O NNE I S O 08T AU A0 5N D N DUN R BN N MO LN e TPttt Tyt




S .

detabdl] fudoblololod ; }
[ 1] i P11 | i
3 RSN ARINENAE A

CONGNIHE R E O D)=

1] Solves or simulates solving problems in the many ways students can

HAS:

KC2:72%
KC3: 1%
KC4: 34%

E.g.,James L.

LEARNS

REQUIRES:
KCl:2.32

E.G.:

KC2:0 » right answer

KC3:1.07 » forgot to carry S
KC4:0 » needed 2 hints B

E.g., find the area
of region B -
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BINIEIESTRERE M S RES ERCO R M- RS

om [ Skils: | Add | sub | W | Dv
2*8 0 0 1 0
2*8 -3 0 1 1 0

Qi = does step

k need skill j?

Simplest representation of a cognitive model

Fancier: e.g., skills — rules in a production system
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[l Cognitive model determines instruction

[1  Through instructional decisions like problem selection,

hints, ...

[1 A correct model is one that is consistent with student
behavior, predicting task difficulty and transfer between
instruction and test

]

Cognitive models are discovered not designed

Geoff Gordon—PSLC summer school—Apr 2010



EEnERINGE S E R @ EER =

[l Cognitive model determines instruction

[1  Through instructional decisions like problem selection,

hints, ...

[1 A correct model is one that is consistent with student
behavior, predicting task difficulty and transfer between
instruction and test

]

Cognitive models=sre=discovered not designed

should be

= Huge data mining opportunity

oy ey
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[FS NG EAST

[0  Student models are a key bottleneck in cognitive tutor
authoring and performance

[1  ~80 hrs (and up!) to hand-develop model for | hr content
[0 result may be too simple, not rigorously verified

[1  Machine learning, computational modeling, and data mining can
help us discover detailed, accurate models of how students learn

[1  New models; data-driven revision of existing models

e e —— ———— R S S T R R .
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BUT IT'S WORTH IT

[0  We have demonstrated improvements in learning from these
more accurate models

[0 E.G,, Salden et al [2009]: adapting #examples vs. #problems
yielded better transfer, same time spent

[0 E.g,Cen etal [2007]:12% less time to learn 6 geometry units
(same retention) using tutor w/ better model

[1  Results can transfer beyond PSLC
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@AUSE
STUPENT STEP

HAS: REQUIRES: RESULT
KCI:2.32 E.G.:
Nz TE ch’—f' U » right answer
KE3: 117 KC5: 1.0/ » forgot to carry
KC4:34% KC4: 0 » needed 2 hints

E.g.,James L. E.g., find the area
of region B

LEARNS

[0 Data — learn a better model:
[0 improved parameters —» more accurate sequencing
LI refine list of skills (e.g., split a KC) =) better coverage

[1  discover completely new skills = aid problem design

********** EASER GRR 0 ER En == o2 o 28 o = T —n
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DECLARE_PARAM

WHILE_LOOP

DECLARE_PARAM

DECLARE_PARAM

PREFIX_OP

mEE
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RAW DATA
DECLARE_PARAM
| 2 | WHILE_LOOP
| 3 | DECLARE_PARAM
2 | 0 DECLARE_PARAM
/2 4 | PREFIX_OP
| AUTOMATICALLY FROM Q MATRIX

RECORDED

' Geoff Gordon—PSLC summer school—Apr 2010




COMPUTED

RAW DATA

| 2 | WHILE_LOOP

| 3 | DECLARE_PARAM
2 | 0 DECLARE_PARAM
2 4 | PREFIX_OP

Stuwdent ID Step 1D Skills -

DECLARE_PARAM

AUTOMATICALLY FROM Q MATRIX

RECORDED

Gebff .G.ordon—iPSl'.C suminer school—Apr 2010



COMPUTED

RAW DATA

i Student D Step 1D Skills -

DECLARE_PARAM

E.g., KDD Cup data: 1,000s of
' | students, 1,000,000s of steps .

2 | 0 DECLARE_PARAM |
53 4 | PREFIX_OP |
AUTOMATICALLY FROM Q MATRIX
RECORDED
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[0 Model P(correct | features of student and step)
ot el i T U REG Y SRR BER
R i S
Y; € {0,1}

X’L] - R < may be arbitrary real, but often binary
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.........

INDICATOR FEATURES

Skills
DECLARE_PARAM

Stuwdent (D Step (P Correct?

I I 0

WHILE_LOOP

DECLARE_PARAM

G| N[N — B

|
|
0 DECLARE_PARAM
| PREFIX_OP

0
0
0
|
|

Student ID Step 1D

YTy TE ST Y,
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1 Write pi = P(Y; = | | features of student and step for example i)

CMj€]R

Logistic
regression
model
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ADIDITIVIE FAC TQIR MOIDIEL

Additive Factor Model (Draney et al., 1995)

L] Logistic regression for P(correct answer | student & skill info)

log - fz; =0;+ > BeQrj+ Y  Qui(veTix)
- k k

i:student j:step ke skill
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5 AL SGS @R COGIN Y EAMGID E|LS:
ADIDITIVIE FAC TQIR MOIDIEL

Additive Factor Model (Draney et al., 1995)

L] Logistic regression for P(correct answer | student & skill info)

CORRECT? STSEIZJL&J;ES
\pij / /
log =0;+ > BeQrj+ Y  Qui(veTix)
SR k k \
OPP
COUNT

i:student j:step ke skill
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ADIDITIVIE FAC TQIR MOIDIEL

L] Additive Factor Model (Draney et al., 1995)

[

Logistic regression for P(correct answer | student & skill info)

CORRECT? PARAMETERS

STEP J USES

Pij i

SKILL K
\\Pw f \<j\\::>K<;\ﬁL\T
R Y BeQri + Y Qs %Ti\k)
k

0 = student mean
—B = skill initial difficulty
Y = skill learning rate

i:student j:step ke skill

Geoff Gordon—PSLC summer school—Apr 2010
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LEARNING CURVE

— observed
0.7t — predicted

I

Assistance Score (Hints + Errors)
o
AN

0 5 10 15 20 25
Opportunity Count

[1  Good models = smooth, decreasing curves

[1  Good models = accurate predictions

,,,,,,,,,,,,,,,,,,,,

Geoff Gordon—PSLC summer school—Apr 2010

1



S INIG s el B/AIINUINIG (GBS, 1)
B ALUANE ANCOGNRFNY EXMCOIEIES

0.5

0.4 1

2 03 T

0.2

0.1

0.0
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T T T T T T T T T T T
2 4 6 8 10 12

Opportunity to Apply Rule (Required Exercises)

14

10

09
038
0.7
2 06
5 051
04
0.3
02

0.1 1

00

—— Declare Parameter

0 10 2

“Good” learning curve
Model appears to be
predicting well

Problematic learning curve
Model fails to predict
performance

Corbett,Anderson, O’Brien (1995) |
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Modify cognitive model

Blips occur when a new, unmodeled latent skill appears
Split skill into two new skills

1.0

0.9 - —O—  Declare First Parameter

0.8 - —#— Declare Second Parameter

0.7
0.6 -

Error Rate

0.5 i
0.4 -
03 i
0.2 -
0.1 i

0.0 . : .
0 10 20

With new model, tutor can treat these skills separately



Al AE R DIETLEC TGN ()
“BLIPS™ IN LEARNING CURVES

[0 We identified a latent factor by manually examining learning
curves

(=] Problem:

[1  Requires lots of up-front time from expert to define skills

[1  Can potentially discover automatically that skills are
wrong, but can’t fix automatically

[0 Can we automate the process of finding latent factors?

[1  increase repeatability, reduce bias, reduce human expert
time

L1 will still need human judgement to connect the identified
latents to properties of the problems

T T R S
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“Original”: proposed by domain experts

AVERN R ESIERS

KC Models KCs| BIC | RMSE
DecompArithDiam 13 15613| 0.401
Textbook 10 [5678| 0.405
Original 15 15762| 0.409
Geometry 1 [6039| 0.427
Unique_step 13217182 0.403

“Unique step,” “Geometry”: maximal or minimal splitting

B

“Unique step” yields IRT model

“Textbook: discovered by an automated model-search technique
“DecompArithDiam”: we discovered by manual search (best)

[1  made possible by visualization and analysis tools in DataShop

Geoff Gordon—PSLC summer school—Apr 2010



AVERN R ESIERS

KC Models KCs| BIC | RMSE
DecompArithDiam 13 15613| 0.401
Textbook 10 [5678| 0.405
Original 15 15762| 0.409
Geometry 1 [6039| 0.427
Unique_step 13217182 0.403

“Original”: proposed by domain experts

“Unique step,” “Geometry”: maximal or minimal splitting

1 “Unique step” yields IRT model

“Textbook: discovered by an automated model-search technique
“DecompArithDiam”: we discovered by manual search (best)

[1  made possible by visualization and analysis tools in DataShop
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AVERN R ESIERS

KC Models KCs| BIC | RMSE
DecompArithDiam 13 15613| 0.401
Textbook 10 [5678| 0.405
Original 15 15762| 0.409
Geometry 1 [6039| 0.427
Unique_step 13217182 0.403

“Original”: proposed by domain experts

“Unique step,” “Geometry”: maximal or minimal splitting

1 “Unique step” yields IRT model

<3
e

“Textbook: discovered by an automated model-search technique

“DecompArithDiam”: we discovered by manual search (best)

[1  made possible by visualization and analysis tools in DataShop
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KC Models KCs| BIC | RMSE
DecompArithDiam 13 15613| 0.401
Textbook 10 [5678| 0.405
Original 15 15762| 0.409
Geometry 1 [6039| 0.427
Unique_step 13217182 0.403

“Original”: proposed by domain experts

“Unique step,” “Geometry”: maximal or minimal splitting

L1 “Unique step” yields IRT model

A4

“Textbook: discovered by an automated model-search technique

“DecompArithDiam”: we discovered by manual search (best)

[1  made possible by visualization and analysis tools in DataShop

Geoff Gordon—PSLC summer school—Apr 2010

18



“Original”: proposed by domain experts

ARSI SRS

KC Models KCs| BIC | RMSE
DecompArithDiam 13 15613| 0.401
Textbook 10 [5678| 0.405
Original 15 15762| 0.409
Geometry 1 [6039| 0.427
Unique_step 13217182 0.403

“Unique step,” “Geometry”: maximal or minimal splitting

(2]

“Unique step” yields IRT model

84404

“Textbook: discovered by an automated model-search technique

“DecompArithDiam”: we discovered by manual search (best)

L]

made possible by visualization and analysis tools in DataShop

Geoff Gordon—PSLC summer school—Apr 2010

18



“Original”: proposed by domain experts

ARSI SRS

KC Models KCs| BIC | RMSE
DecompArithDiam 13 15613| 0.401
Textbook 10 [5678| 0.405
Original 15 15762| 0.409
Geometry 1 [6039| 0.427
Unique_step 13217182 0.403

“Unique step,” “Geometry”: maximal or minimal splitting

(2]

“Unique step” yields IRT model

0040404

“Textbook: discovered by an automated model-search technique

“DecompArithDiam”: we discovered by manual search (best)

L]

made possible by visualization and analysis tools in DataShop
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ARM: log =0 — =0+ BeQus + Y Qus(1eTi)
k k

Dij

i,j,k = student, item, skill log ( [ Dij ) z Usz}k

p = probability correct

O = student overall performance

1

B = skill easiness / difficulty %
T v
ik "k

Q = item X% skill matrix

Q

v = skill practice slope

T = number of practice opportunities 0 B

Geoff Gordon—PSLC summer school—Apr 2010
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AFM: log 7 ?ij - =0, + Zﬁkay’ i Z Qrj (& Tix)
k

Pij I
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I ERARE sl GA L MOIG SR L RIRYINC [ |
COMPONENTS ANALYSIS

/ : / \ Q observed Q unobserved
k latent fa : X B

ctors
%{— i

\n students

m items i
\ k latent factors /
U: student latent factors Dij
V: item latent factors log 1 E U, ’LkV]k
Y: observed performance ko
R: shared prior for student latents
S: shared prior for item latents student factor_

item factor
Geoff Gordon—PSLC summer school—Apr 2010 0
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P A Swas izl AUSIERANIL)
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USERS

MOVIES

EACH ENTRY: HOW MANY STARS _._
DOES USER | GIVETO MOVIE ? |




NES IR ERORINGE

BASIS WEIGHTS

MOVIES

BASISVECTORS

USERS

LLL1L

Low-d basis = latent variables

Basis vectors represent latent properties
of movies, e.g.,“is a comedy”
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INE@ERTCASE: STIUDENTEFFEMEEENES

STUDENTS

ITEMS INTUTOR




INE@ERTCASE: STIUDENTEFFEMEEENES

"""""""""""""""""

STUDENTS

ITEMS INTUTOR

EACH ENTRY: DOES STUDENT | GET| : :
ITEM J RIGHT?




NES IR ERORINGE

BASIS WEIGHTS

BASISVECTORS

STUDENTS

“eigenskills”

knowledge levels

LELELE D

X 0 N N2 0

Basis vectors are candidate

Weights are students’
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O SO ST RE /2y

Ordinary PCA: linear, Gaussian

Logistic PCA: can handle
conjunctive, disjunctive skills

=
o)
L

NONLINEARITY:
CONJUNCTIVE SKILLS

P(CORRECT)

<
¥ 2

—

05
SKILL |

n
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[0 Ordinary PCA yields maximume-likelihood estimate

[0  Good, right?
[1  sadly, the usual reasons to want the MLE don’t apply here

[0 e.g, consistency: variance and bias of estimates of U andV do
not approach 0 (unless #items/student and #students/item — )

[1  Result: MLE is typically far too confident of itself

Geoff Gordon—PSLC summer school—Apr 2010
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T T T T T T 1.2
x
ok X B 1
X X x
X
><><>§<><
* %@%i%;% X X
&%XX b
XXXX&;
X s
XY X %
P x;xxx
3 Rl
X X ><>5><22< XX x
% o %k
*%%% 03¢
. X
x Xy i
X x
x %
1 1 1 1 1 1 _0 2
0.6 0.8 1 1.2 1.4 1.6 1.8 3

Learned coefficients
(e.g.,a column ofV)

X XEXXXKXXXXXXXXXX XX XX X
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RESUIHEEFOEDHNEFROBEERS

Nonsensical results when trying to apply learned model to a
new student or item

Similar to overfitting problem in supervised learning:
confident-but-wrong parameters do not generalize to new

examples

Unlike overfitting, fold-in problem doesn’t necessarily go away
with more data

Geoff Gordon—PSLC summer school—Apr 2010
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.a\\Q .a\\Q a\\Q) .a\\e .’\\0

Legend

student 1 1

student not

resented
student2 | 0 1 \F,)Vnh item
student3 | 0 1 ihGak
0 1 studen j 0 =WRONG

answere
student 4 1 FYERISE | = RIGHT
student 5 student

answered
student 6 the item, but

we hide the
student 7 answer

[0  Geometry tutor: |39 items presented to 59 students

[1  On average, each student tested on 60 items

Geoff Gordon—PSLC summer school—Apr 2010
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RESUIEFSHRGIED =G U ERRGI

0.42¢

0.4}

) Bayes logistic PCA
) Bayes PCA
B AFM: textbook

[—JBaseline: mean

Non-Bayesian PCA/
LPCA performs at about
chance level in similar
problems

Embedding dimension
is k = 15, except PCA
+AFM where k = 1

Credit for
logistic PCA:
Ajit Singh
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STILL MISSING

[0 A way to include time in PCA
[1 A way to encourage interpretable latent models

[0 A way to take advantage of partial prior knowledge

of model
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