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What	
  is	
  a	
  student	
  model?	
  

Basically,	
  a	
  model	
  that	
  tells	
  a	
  
student’s	
  progress	
  or	
  knowledge	
  
over	
  a	
  set	
  of	
  skills.	
  

Carnegie	
  Learning	
  

Introduc)on	
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Why	
  does	
  a	
  student	
  model	
  maKer?	
  

PAWS	
  lab,	
  UPITT	
  

•  Iden)fy	
  which	
  skill	
  a	
  student	
  already	
  knows,	
  and	
  move	
  on.	
  
•  Iden)fy	
  which	
  skill	
  a	
  student	
  has	
  problem	
  with,	
  and…	
  
•  Recommend	
  proper	
  ques)ons	
  or	
  examples	
  
•  Improve	
  contents	
  

Introduc)on	
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Why	
  “probablis)c”?	
  

•  Deals	
  with	
  uncertainty:	
  nothing	
  is	
  for	
  sure	
  
–  	
  Probabilis)c	
  methods	
  are	
  mainly	
  used	
  for	
  proving	
  
the	
  existence	
  of	
  certain	
  (mathema)cal)	
  objects	
  
without	
  explicitly	
  construc)ng	
  them.	
  

•  Assumes	
  distribu)ons	
  for	
  uncertain	
  parameters	
  
– Probabilis)c	
  methods	
  treat	
  the	
  uncertain	
  
parameters	
  as	
  random	
  variables,	
  and	
  es)mates	
  the	
  
uncertain	
  parameters	
  through	
  assumed	
  probability	
  
density	
  func)on.	
  

Introduc)on	
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Item	
  Response	
  Theory	
  Model	
  
(Rasch	
  et	
  al.	
  ‘60)	
  

•  Scenario:	
  Assuming	
  you	
  are	
  having	
  a	
  test with	
  a	
  
bunch	
  of	
  ques)ons	
  (items),	
  what	
  do	
  you	
  think	
  are	
  
the	
  factors	
  that	
  decide	
  whether	
  you	
  get	
  an	
  
answer	
  correct	
  or	
  not?	
  

•  Idea:	
  	
  	
  
The	
  probability	
  of	
  gedng	
  a	
  ques)on	
  correct	
  depends	
  on	
  	
  	
  	
  	
  

student	
  ability	
  and	
  item	
  difficulty	
  

Logisic	
  regression	
  model	
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What	
  if	
  you	
  are	
  learning	
  not	
  tes)ng?	
  	
  
power	
  law	
  and	
  learning	
  curve	
  (Newell	
  et	
  al.	
  ‘81)	
  

●  IRT	
  es)mates	
  one	
  fixed	
  student	
  ability	
  under	
  test	
  environment.	
  What	
  if	
  you	
  
are	
  prac)cing/learning?	
  Can	
  we	
  know	
  your	
  “dynamic	
  ability”?	
  

●  Someone	
  found	
  the	
  power	
  law	
  of	
  learning:	
  	
  
●  Prac)ce	
  helps	
  learning!	
  	
  
●  The	
  chance	
  of	
  making	
  an	
  error	
  decreases	
  by	
  a	
  power	
  func)on.	
  

●  This	
  can	
  be	
  visually	
  presented	
  by	
  learning	
  curves.	
  

X	
  =	
  #opportuni)es	
  a	
  student	
  prac)ces	
  a	
  skill	
  

y = aX−b

ini)al	
  difficulty	
  
of	
  a	
  skill	
  

learning	
  rate	
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Y	
  =	
  #incorrect	
  /	
  #total	
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  Models	
  



●  Classic	
  IRT	
  models	
  model	
  individual	
  skills.	
  
●  Addi)ve	
  Factor	
  Model	
  models	
  mul)ple	
  skills	
  
●  Addi)ve:	
  assuming	
  skills	
  “addi)vely”	
  affect	
  performance	
  
●  Factor:	
  skill	
  

●  AFM	
  requires	
  Q-­‐matrix	
  as	
  input:	
  	
  
●  Q-­‐matrix:	
  specifying	
  what	
  skills	
  are	
  required	
  for	
  a	
  ques)on	
  

What	
  if	
  you	
  are	
  learning	
  mul)ple	
  skills?	
  
Addi)ve	
  Factor	
  Model	
  (Cen	
  et	
  al.	
  ‘06)	
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Addi)ve	
  Factor	
  Model	
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Prob.	
  of	
  gedng	
  
ques)on	
  i	
  correct	
  
of	
  student	
  j	
  

student	
  i	
  
ability	
  

skill	
  k	
  ini)al	
  
difficulty	
  

Binary	
  indicator	
  for	
  
ques)on	
  j	
  skill	
  k	
  
(by	
  Q-­‐matrix)	
  

skill	
  k	
  
learng	
  rate	
  

#prac)ces	
  
student	
  i	
  had	
  
on	
  skill	
  k	
  

Student	
  Models	
  

IRT:	
  

AFM:	
  



Do	
  you	
  learn	
  the	
  same	
  amount	
  from	
  failures	
  vs.	
  successes?	
  	
  

Performance	
  Factor	
  Analysis	
  (Pavlik	
  et	
  al.	
  ‘09)	
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AFM:	
  

prior	
  successes	
  of	
  
student	
  i	
  in	
  skill	
  k	
  

Prior	
  failures	
  of	
  
student	
  i	
  in	
  skill	
  k	
  

PFA:	
  

learning	
  rate	
  from	
  
correct	
  prac)ces	
  

learning	
  rate	
  from	
  
incorrect	
  prac)ces	
  

Ques)on	
  about	
  the	
  name	
  of	
  the	
  model:	
  
Where	
  is	
  the	
  “performance”?	
  
Where	
  is	
  the	
  “factor”?	
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:	
  
û û ü	
  	
  	
  ü	
  	
  	
  	
  ü	
  

û û ü	
  	
  	
  	
  ü	
  
:	
  

û û ü	
  	
     ü	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  ü	
       û û 	
  	
  	
  	
  ü	
  	
  ü	
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How	
  to	
  model	
  latent	
  knowledge	
  level?	
  	
  

Knowledge	
  Tracing	
  	
  (CorbeK	
  et	
  al.	
  ‘95)	
  

●  Previous	
  models	
  can’t	
  tell	
  directly	
  the	
  
dynamic	
  knowledge	
  level	
  

●  Is	
  knowledge	
  level	
  observable?	
  
●  Can	
  we	
  model	
  it	
  as	
  a	
  latent	
  variable?	
  

Student	
  Models	
  



û û ü	
  	
  	
  ü	
  	
  	
  	
  ü	
  

:	
  

:	
  

û û ü	
  	
  ü	
  

Knows a 
skill or not 

•  HMM models: 
•  Binary latent variables (K) indicate 

the student knowledge 
•  Binary observed variables (Y) 

indicate the student performance 
•  Four parameters: 

1.  Initial Knowledge 
2.  Learn 
3.  Guess 
4.  Slip 

Transition 

Emission 
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Knowledge	
  Tracing	
  

Init	
   P(K0)=learned	
   Learn	
   P(Kt+1=learned|Kt=unlearned)	
  
Guess	
   P(Yt=correct|Kt=unlearned)	
   Slip	
   P(Yt=incorrect|Kt=learned)	
  

Student	
  Models	
  



fq,l,t

features L yq,t

kq,t

timesteps T
# of  skills Q

fq,e,t

features Eyq,t

kq,t

timesteps T
# of  skills Q

fq,e,t

features E yq,t

kq,t

timesteps T
# of  skills Q

fq,l,t

features L yq,t

kq,t

timesteps T
# of  skills Q

Knowledge	
  Tracing	
  Family	
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yq,t

kq,t

timesteps T
# of  skills Q

fq,e,t

features E yq,t

kq,t

timesteps T
# of  skills Q

fq,l,t

features L yq,t

kq,t

timesteps T
# of  skills Q

yq,t

kq,t

timesteps T
# of  skills Q

fq,e,t

features E yq,t

kq,t

timesteps T
# of  skills Q

fq,l,t

features L yq,t

kq,t

timesteps T
# of  skills Q

Original formulation 
[Corbett et al ‘95] 

Emission (guess/slip) 
Features  

Transition (init/learn)  
Features 

Feature Emission Transi8on Both 

Student	
  ability [Pardos	
  et	
  al	
  ’10] [Lee	
  et	
  al	
  ’12]	
  
[Yudelson	
  et	
  al	
  ’13] 

Item	
  	
  
difficulty 

[Gowda	
  et	
  al	
  ’11]	
  
[Pardos	
  et	
  al	
  ’11] [Schultz	
  et	
  al	
  ’13]	
  	
  

Subskills [Xu	
  et	
  al	
  ’12]	
  	
  

Help [Sao	
  Pedro	
  	
  
et	
  al	
  ‘13] [Beck	
  et	
  al	
  ‘08] 

Both  

Student	
  Models	
  



Feature-­‐Aware	
  Student	
  knowledge	
  Tracing	
  
(Gonzales,	
  Huang	
  and	
  Brusilovsky	
  ‘14)	
  
•  Unsupervised	
  learning	
  (HMM)	
  with	
  features	
  
•  Incorporated	
  features	
  into	
  Knowledge	
  Tracing	
  
–  Features	
  can	
  be	
  student	
  ability,	
  item	
  difficulty,	
  
whether	
  a	
  student	
  ask	
  for	
  help	
  or	
  not,	
  etc.	
  

Code:	
  	
  hKp://ml-­‐smores.github.io/fast/	
  
Paper:	
  hKp://educa)onaldatamining.org/EDM2014/uploads/procs2014/long%20papers/84_EDM-­‐2014-­‐Full.pdf	
  

	
  
	
  	
  	
  	
  

*	
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Skill	
  Model	
  and	
  how	
  we	
  construct	
  it	
  

•  Student	
  model	
  needs	
  a	
  good	
  skill	
  model	
  
–  Ques)on:	
  	
  “3*(1-­‐4)=?”.	
  A	
  student	
  answers	
  incorrectly	
  because	
  
he/she	
  doesn’t	
  know	
  nega)ve	
  numbers.	
  
•  If	
  we	
  label	
  this	
  ques)on	
  with	
  only	
  skill	
  “mul)plica)on”,	
  then	
  
we	
  may	
  wrongly	
  infer	
  the	
  student	
  has	
  problem	
  with	
  
“mul)plica)on”!	
  We	
  need	
  to	
  also	
  label	
  skill	
  “nega)ve	
  
number”!	
  

•  Most	
  of	
  the	
  )me,	
  we	
  rely	
  on	
  expert	
  engineering…	
  
•  Can	
  we	
  use	
  data-­‐driven	
  probablis)c	
  methods?	
  	
  

–  Yes,	
  here	
  is	
  a	
  succesful	
  method	
  (Koedinger	
  et	
  al.	
  ‘12):	
  
Automated	
  Student	
  Model	
  Improvement	
  
data	
  repository	
  +	
  crowd	
  sourcing	
  +	
  sta)s)cal	
  models	
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Let’s	
  look	
  at	
  the	
  “data	
  repository	
  +	
  crowd	
  sourcing”part	
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Skill	
  models	
  

Red	
  learng	
  curve	
  is	
  
fluctua)ng,	
  non-­‐smooth.	
  

human	
  
inspec)on	
  

Change	
  to	
  three	
  skills,	
  
each	
  of	
  which	
  has	
  a	
  
smoother	
  learning	
  
curve	
  

Use	
  new	
  skill	
  models	
  as	
  
the	
  star)ng	
  model	
  for	
  
further	
  refinement	
  

PSLC	
  Datashop:	
  hKps://pslcdatashop.web.cmu.edu/	
  



Let’s	
  look	
  at	
  the	
  “sta)s)cal	
  models”part:	
  	
  
Learning	
  Factor	
  Analysis	
  (Cen	
  et	
  al.	
  ‘06)	
  

Add	
  

Merge	
  

Split	
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Lowest	
  BIC	
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Learning	
  Factor	
  Analysis	
  Best-­‐first	
  Search	
  
Skill	
  models	
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Issues	
  and	
  direc)ons	
  

•  Quality	
  of	
  fiKed	
  parameters?	
  
•  Predic)ve	
  Performance	
  :	
  how	
  accurate	
  does	
  the	
  student	
  
model	
  predict?	
  

•  Plausiblity	
  :	
  how	
  plausible	
  are	
  the	
  parameters?	
  	
  
•  Consistency:	
  If	
  we	
  train	
  the	
  model	
  several	
  )mes,	
  does	
  the	
  
model	
  give	
  the	
  same	
  (similar)	
  parameter	
  es)ma)on?	
  

•  Dynamic	
  mul)ple	
  skill	
  modeling	
  and	
  Dynamic	
  
cogni)ve	
  diagnos)cs	
  ?	
  

•  Automa)c	
  skill	
  model	
  discovery?	
  
•  Modeling	
  knowledge	
  from	
  text?	
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Plausibility	
  and	
  Consistency	
  
•  Plausibility:	
  A	
  highly	
  predic)ve	
  model	
  can	
  give	
  ridiculous	
  parameters:	
  

•  A	
  student	
  with	
  low	
  knowledge	
  level	
  is	
  more	
  likely	
  to	
  answer	
  correctly	
  than	
  
a	
  student	
  with	
  high	
  knolwedge	
  level	
  

•  Consistency:	
  	
  Equivalently	
  predic)ve	
  models	
  can	
  have	
  different	
  knowledge	
  
es)ma)ons!	
  Following	
  three	
  KT	
  models	
  fit	
  the	
  performance	
  equally	
  well	
  (le|),	
  
but	
  show	
  different	
  esitma)on	
  of	
  knowledge	
  level	
  (right).	
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  (Beck&Zhang	
  08’)	
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Where	
  do	
  the	
  problems	
  come	
  from?	
  
•  Training	
  Knowledge	
  Tracing	
  based	
  models	
  using	
  Expecta)on	
  Maximiza)on	
  can	
  

suffer	
  from	
  local	
  op)mum	
  and	
  yield	
  mul)ple	
  global	
  op)ma	
  (with	
  limited	
  precision).	
  
•  Depending	
  on	
  different	
  in)al	
  values,	
  	
  we	
  can	
  get	
  different	
  parameter	
  es)ma)ons.	
  

•  Also,	
  student	
  data	
  has	
  
noise,	
  and	
  the	
  skill	
  model	
  
has	
  noise	
  too,	
  which	
  may	
  
result	
  in	
  viola)ons	
  of	
  the	
  
assump)ons	
  of	
  student	
  
models.	
  

Zach&Heffernan	
  ‘10	
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Dynamic	
  mul)ple	
  skill	
  modeling	
  and	
  
Dynamic	
  cogni)ve	
  diagnos)cs	
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Issues	
  and	
  direc)ons	
  

HOT-­‐DINA	
  by	
  Xu	
  &	
  Mostow,	
  ‘13	
  

LR-­‐DBN	
  by	
  Xu	
  &	
  Mostow,	
  ‘12	
  



Knowledge Tracing! Topical HMM (with 2 skills)!
item1" item2" item3" item4"

:	
  

:	
  

y1

k1
2

y2

k2
2

y1

k1
1

y2

k2
1

k1 k2 k3

q1

y1

k1
2

x1

q2

y2

k2
2

x2

q3

y3

k3
2

x3

1 1 1

q4

y4

k4

x4

1k4

Skill 1:!

Skill 2:!

ü	
  û	
   û	
  

û  ü	
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û  û	
   û	
  

Automa)c	
  skill	
  model	
  discovery	
  
	
  

Issues	
  and	
  direc)ons	
  

Gonzales	
  &	
  Mostow	
  ’12~’14	
  



Modeling	
  knowledge	
  from	
  text	
  (Pirolli	
  &	
  Kairam,	
  ’13)	
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Issues	
  and	
  direc)ons	
  

LDA	
  

A	
  user	
  knowledge	
  state	
  is	
  represented	
  as	
  a	
  profile	
  over	
  
topics.	
  A	
  ques)on	
  tests	
  a	
  mix	
  of	
  topic	
  knowledge	
  
	
  

Ques)ons	
  or	
  readings	
  

Predict	
  pretest,	
  
posKest	
  (etc.)	
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Mastery	
  Grid	
  	
  (Brusilovsky	
  et	
  al.	
  ’13~‘14)	
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Visualiza)on	
  

Open	
  student	
  model	
  
&	
  

social	
  comparision	
  



Reading	
  Circle	
  (Guerra,	
  Parra	
  &	
  Brusilovsky,	
  ’13)	
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Visualiza)on	
  



Welcome	
  to	
  join	
  the	
  
	
  student	
  modeling	
  community!	
  

	
  
Thank	
  you!	
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BACKUP	
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Induce	
  the	
  topic	
  model	
  
•  ques)on	
  document’s	
  distribu)on	
  in	
  the	
  topics	
  (w_jk)	
  
•  words	
  read	
  by	
  user	
  i’s	
  distribu)on	
  in	
  the	
  topics	
  (r_ik)	
  
•  They	
  design	
  following	
  formula	
  to	
  deduct	
  the	
  “learning	
  
effect”	
  from	
  reading	
  for	
  performance	
  in	
  a	
  ques)on	
  	
  

	
  	
  	
  	
  (p_ij	
  is	
  relavance	
  of	
  user	
  i’s	
  reading	
  to	
  test	
  item	
  j)	
  	
  

Issues	
  and	
  direc)ons	
  



Measurement	
  Framework	
  
•  Predict	
  pretest,	
  posKest,	
  and	
  learning	
  gain	
  (post-­‐pre)	
  scores.	
  	
  
•  Overall	
  logis)c	
  regression	
  formula:	
  	
  

User(i)	
  ability	
  distribu)on	
  over	
  topics(k):	
  	
  
•  one	
  for	
  latent	
  knowledge/ability	
  to	
  each	
  topic	
  	
  
•  one	
  for	
  learning	
  ability	
  from	
  reading	
  	
  

Topic(k)	
  relevance	
  distribu)on	
  over	
  item(j):	
  	
  

Relevance	
  of	
  reading	
  from	
  topics	
  to	
  item(j)	
  by	
  user(i)	
  	
  

Issues	
  and	
  direc)ons	
  



Compare	
  model	
  varia)ons	
  
•  Compare	
  different	
  individual	
  differences	
  
assump)ons	
  
– Model1:	
  users	
  share	
  same	
  reading	
  learning	
  ability	
  
	
  
	
  
– Model2:	
  users	
  have	
  different	
  reading	
  learning	
  ability	
  

•  Also	
  compare	
  with	
  other	
  logis)c	
  regression	
  
models	
  without	
  topic	
  modeling	
  informa)on	
  	
  

	
  	
  	
  	
  (just	
  has	
  user	
  abili)es	
  parameters	
  overall)	
  

Issues	
  and	
  direc)ons	
  


