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IntroducDon!
Magnetoencephalography!(MEG)!recordings!are!
notoriously!noisy,!making!single!trial!classificaDon!very!
difficult.!!Here!we!develop!a!method!to!perform!accurate!
classificaDon!of!the!category!of!noun!a!person!is!viewing,!
using!only!noisy)single)trial)MEG)recordings.!
!

Our!method!has!several!advantages.!!It:!
•  esDmates!the!instantaneous)mean)and)covariance)of!

MEG!sensors!
•  Learns!a!lower)dimensional)representaDon!
•  Hierarchically)couples)the!single!trials!in!the!lower!

dimensional!latent!space!

The!Data!
We!have!MEG!recordings!of!two!subjects!viewing!20!
words!from!4!word!categories!(animals,!buildings,!tools!
food).!!Each!word!has!20!trials,!resulDng!in!400!total!trials!
(300/100!for!train/test!respecDvely).!

Results!
!

Word!category!classificaDon!accuracy!using!log!likelihood!
under!(i)!MLE!esDmates!(staDc!and!Dme[dependent!Σ),!(ii)!
our!model,!and!(iii)!SVM.!(*p=0.05,**p=0.01)!
!

!
!
!
!
!
!
!
!

CorrelaDon!at!n=151ms!!!!!!!!!!CorrelaDon!at!n=501ms!
!
!
!

The!Model!
Let!!!!!!!!!be!a!vector!of!p!MEG!signals!at!Dme!t!for!single!
trial!i!of!word!w.!!We!model!the!relaDonship!of!the!signals!
from!each!sensor!over!Dme!such!that:!
!
!
Where!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!and!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!are!
smooth!funcDons!in!Dme.!!Limited!data!hinders!our!ability!
to!esDmate!the!parameters!of!this!model!in!its!full!
dimensional!space.!!Thus!we!learn!a!model!in!a!lower)
dimensional)(k!<<!p)!space:!
!
!
!
Where!the!underlying!processes!(Λ!and!ψ!)!are!smooth.!
We!hierarchically)couple)the!latent!ψ(i,w)!for!each!single!
trial!through!the!!word[specific!ψ(0,w):!
!
!
!
!
!
!
!

!
Λ(xt)!projects!the!latent!representaDon!back!up!into!the!
high!dimensional!space!to!produce!

y

i,w
t ⇠ Np(µ(i,w)(xt),⌃(w)(xt))

yi,w
t

µ

(i,w)(xt) 2 Rp⇥1 ⌃(w)(xt) 2 Rp⇥p

p(f(x1), . . . , f(xn)) ⇠ Nn(µ, K), µ = [m(x1), . . . ,m(xn)]

Kij = c(xi, xj)

c(x, x

0
) = d exp(�||x� x

0||22),

 (i,w)
j (·) ⇠ GP( (0,w)

j (·), c1)

 (0,w)
j (·) ⇠ GP(0, c0)

⇠(w)
`k (·) ⇠ GP (0, c0)

MathemaDcal!Details!
A!Gaussian!process!(GP)!is!a!distribuDon!over!real[valued!
funcDons.!!A!funcDon!drawn!from!a!GP!has!the!property!
that!the!funcDon!evaluated!at!a!collecDon!of!points!is!
jointly!Gaussian.!!A!GP!is!uniquely!defined!by!its!mean!
funcDon!m!and!kernel+func/on!c.!!So,!f!~!GP(m,c)!if!and!
only!if!!
!
!
and!K!is!a!n+x+n+Gram!matrix!with!entries!
The!properDes!(e.g.,!conDnuity,!smoothness,!periodicity,!
etc.)!of!a!given!Gaussian!process!are!determined!by!the!
kernel!funcDon.!!One!example!kernel!leading!to!smooth!
funcDons!is!the!squared!exponenDal!kernel:!
!

!!
where!d!is!a!scale!hyperparameter!and!κ!is!the!bandwidth,!
which!determine!the!correlaDon!in!f!over!x.!

Model!Details!
We!fit!the!model!with!MCMC.!!We!define!Λ!and!ψ!as!
!
!
where!!!!!!!!!!!!!!!!!!!!!!!is!a!word[specific!loading!matrix,!
!!!!!!!!!!!! !!!!!!!!!!!is!a!collecDon!of!GPs!such!that:!
!
!
And! !!!!!!!!!!!!!!!!!!!!!!is!a!!collecDon!of!GPs:!
!
!
We!hierarchically)couple)the!trial[specific!!!!!!!!!!!!!!for!each!
single!trial!i+with!a!word[specific!parent!process:!!
!
!
!
!

Where!c0!and!c1!are!squared!exponenDal!kernels!with!d=8!
and!d=4,!respecDvely.!!The!final!model!is:!
!
!
!
!
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µ

(i,w)(xt) = ⇤(w)(xt) (i,w)(xt)

⌃(w)(xt) = ⇤(w)(xt)⇤(w)(xt)0 + ⌃(w)
0 .

yi,w
t

Parent!
(word!specific)!

Children!
(trial!specific)! ⇤(w)(xt) = ⇥(w)

⇠

(w)(xt)

⌘

i,w
t =  

(i,w)(xt) + ⌫

i,w
t , ⌫

i,w
t ⇠ Nk(0, Ik)

y

i,w
t = ⇤(w)(xt)⌘i,w

t + ✏

i,w
t , ✏

i,w
t ⇠ Np(0,⌃(w)

0 )

⌃(w)
0 = diag(�2

w,1,�
2
w,2, . . .�

2
w,p)

Child!

Accuracy Accuracy
µ ⌃ Subj. 1 Subj 2
Chance - 0.25 0.25

(i) µ̂

(w) ⌃̂(w) 0.27 0.20
(i) µ̂

(w) ⌃̂(w)(xt) 0.33* 0.27
(ii) µ ⇠ N(µ(0,w)

, K) ⌃(w)(xt) 0.39** 0.34*
(iii) SVM 0.35* 0.32

⇥(w) 2 Rp⇥L

⇠

(w)(xt) 2 RL⇥K

 

(i,w)(xt) 2 RK⇥1

 

(i,w)(xt) = [ (i,w)
1 (xt), ..., 

(i,w)
k (xt)]

 (i,w)

Observed!MEG!data!

Ask!to!see!a!video!of!the!correlaDon!over!Dme!!

yt
(i,w) = !(xt )!t

(i,w) +"t

!(x1)!!(xn )

!t
(i,w) =" (i,w) (xt )+# t

(i,w)

�(xt)
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Multi-sensor time series

• Multiple noisy recordings of the same 
process

• Many sensors (high dimension)

• Changing sensor correlation 

2
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• Seismic data

• Weather sensors

• Physiological recordings

• EKG, Ecog, MEG

3

Multi-sensor time series
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Understanding Cognition 

• How does the brain code concepts?

• e.g. animals, food...

• How does brain activity change over 
time?

4
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• Show words to subjects

• Record & model brain activity

• Distinguish between word categories

• e.g. animals vs tools?

Understanding Cognition 

5

Cow

Hammer

Friday, May 4, 12



6

Understanding Cognition 

tomato

cat
lettuce

Time
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Challenging Data

• High noise & high dimension

• Need to predict with single (noisy) trials

7
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Data Collection

• MEG recordings

• 2 subjects

• 20 words

6
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Data Collection

• 4 word categories

9

Animals

Tools

Food

Buildings
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Data Collection

•  20 repetitions per word (400 total)

• 15 train/word (300 total)

• 5 test/word (100 total)

10

Test
25%

Train
75%
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Brain Imaging

• fMRI  

• Measures blood oxygenation

• Great spatial resolution

• Poor time resolution

• MEG

• Measures neuron’s magnetic field 

• Great temporal resolution

• Reduced spatial resolution
11
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MEG machine

• 102 sensors in a helmet
...

12
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MEG Machine
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Terminology
MEG recording for word    , trial iw

time t

...

14

y(i,w)
t
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MEG Noise

15
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MEG Noise
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Challenges

1)Noise

2)High dimension

3)Covariance changes with time

• Functional connectivity

4)Trial-to-trial variation

17
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Challenge 1:
MEG data is noisy

18
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MEG data is noisy

• Traditionally:

•  Average repetitions (MLE)

• assume channels are independent

• Can we do better than average?

19
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MEG data is noisy

Observation: underlying neural signal is 
smooth

20
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Underlying signal is smooth

• Model with a Gaussian process (GP)

• f ~ GP(m,c)

• m: mean function

• c: kernel function (covariance)

• squared exponential

21

ci(t, t
0
) = di exp(�||t� t0||22)
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Underlying signal is smooth

• p(f(t1), . . . , f(tn)) ∼ Nn(μ, K)

• μ = [m(t1),...,m(tn)]

• Kij = c(ti,tj)

22
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Gaussian Processes
c: kernel function (covariance)

23

High covariance

Low covariance
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Gaussian Processes
m: mean function

24
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Gaussian Processes
m: mean function

25
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Gaussian Processes
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ψ (1,w) (⋅)

ψ (Jw ,w) (⋅)

ψ (0,w) (⋅)


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Challenge 2:
Data is of high 

dimension

27
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Data is of high dimension

Observation:  Sensors are redundant

• spatially localized correlation

• long-range correlation

28
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Redundant Sensors

29
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Factor
loadings

Redundant Sensors

• Model in a lower dimensional space

• factor analysis

yt =Ληt +εt

ηt ∼Nk(0,I)

εt ∼Np(0,Σ0)

30

MEG signal
at time t

p×1

p×k
k << p
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Redundant Sensors

Factor
loading (Λ)

Latent
process

Observed MEG signal

+ noise = ⌘t

yt = ⇤⌘t + ✏t
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Challenge 3:
Coordination changes 

with time 
(Heteroskedasticity)

32
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Factor
loading (Λ)

Coordination changes with time
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Λ(t1)Λ(tn )

Coordination changes with time
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Λ(t1)Λ(tn )
Λ(t j )

Function 
of time

Coordination changes with time
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MEG 
signal

Latent
mean

Factor
loadings

36

y(i,w)
t = ⇤(w)(t)⌘(i,w)

t + ✏(i,w)
t , ✏(i,w)

t ⇠ Np(0,⌃(w)
0 )

⌘(i,w)
t =  (i,w)(t) + ⌫(i,w)

t , ⌫(i,w)
t ⇠ Nk(0, Ik)

⇤(w)(t) = ⇥(w)⇠(w)(t)

Coordination changes with time
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Heteroskedastic

Coordination changes with time

⌃(w)(t) = ⇤(w)(t)⇤(w)0(t)

= ⇥(w)⇠(w)(t)⇠(w)(t)0⇥(w)0
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Shrinkage Prior

•  

•             is a matrix L ⨉ K

• Columns of           shrink to 0

38

⇤(w)(t) = ⇥(w)⇠(w)(t)
⇠(w)(t)

⇥(w)
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Challenge 4:
Trial-to-trial variability

39
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Trial-to-trial variability
Observation: each trial is a (noisy) 
recording of the same process

• Allow for multiple examples

• Each example may deviate 
somewhat

40
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Trial-to-trial variability
yt
(i,w) = Λ(τ t )ηt

(i,w) +εt

Λ(τ1)Λ(τ n )

ηt
(i,w) =ψ (i,w) (τ t )+ν t

(i,w)

Λ(τ j )

ψ (1,w) (⋅)

ψ (Jw ,w) (⋅)

ψ (0,w) (⋅)



Latent
process

Parent

Latent
process

Single 
trial
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Trial-to-trial variability

• Hierarchy shares information 
between trials 

42

ψ (1,w) (⋅)

ψ (Jw ,w) (⋅)

ψ (0,w) (⋅)


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Trial-to-trial variability
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Single Trial
Smoothed

Child Latent
Parent Latent
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Generative Story

45

lettuce
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Generative Story

46

⇤(w)(t) = ⇥(w)⇠(w)(t)
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Generative Story

47

⇤(w)(t) =
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Evaluation

48
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Recall the task

• Distinguish between 4 word categories

• Train on 15 single trials/word

• 20 words

• Evaluate on 100 single trials

• 5/word

49
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Train & Test

50
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for i 1, Jw do

for ` 1, L do

⌃̃(w)
 = K̃�1+diag

�
[⇤(w)(⌧1)]0·`⌃

�(w)(⌧1)[⇤(w)(⌧1)]·`, . . . [⇤(w)(⌧n)]0·`⌃
�(w)(⌧n)[⇤(w)(⌧n)]·`

�

ỹ(i,w)
t = y(i,w)

t �
P

(r 6=`)[⇤
(w)(⌧)]·r 

(i,w)
r (⌧)

 (i,w)
` (⌧1:n) ⇠ N�1

n

0

BB@

2

664

[⇤(w)(⌧1)]0·`⌃
�(w)(⌧1)ỹ

(i,w)
1 +  (0,w)

1
...

[⇤(w)(⌧n)]0·`⌃
�(w)(⌧n)ỹ(i,w)

n +  (0,w)
n

3

775 , ⌃̃(w)
 

1

CCA

for t 1, n do

ỹ(i,w)
t = y(i,w)

t � ⇤(w)(⌧) (i,w)(⌧)
⌫(i,w)

t ⇠ N�1
k

⇣
⇤(w)0(⌧)⌃�(w)

0 ỹ(i,w)
t , I + ⇤(w)0(⌧)⌃�(w)

0 ⇤(w)(⌧)
⌘

for ` 1, L do

 (0,w)
` (⌧1:n) ⇠ N�1

n (K�1
1

PJw

i=1  
(i,w)
` (⌧1:n), K�1

0 + JwK�1
1 )

for ` 1, L do

for m 1, K do

⌃̃⇠ = K�1
1 +

PJw

i=1 diag
✓⇣

⌘(i,w)
1,m

⌘2 Pp
j=1

⇣
⇥(w)

j`

⌘2
��2

j,w, . . .
⇣
⌘(i,w)

n,m

⌘2 Pp
j=1

⇣
⇥(w)

j`

⌘2
��2

j,w

◆

ỹ(i,w)
t,j = y(i,w)

t,j �
P

(r,s) 6=(`,m) ⇥(w)
jr ⇠(w)

rs (⌧).

⇠(w)
`m (⌧1:n) ⇠ N�1

n

0

BB@
PJw

i=1

2

664

⌘(i,w)
1,m

Pp
j=1 ⇥(w)

j` �
�2
j,wỹ(i,w)

1,j
...

⌘(i,w)
n,m

Pp
j=1 ⇥(w)

j` �
�2
j,wỹ(i,w)

n,j

3

775 , ⌃̃⇠
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CCA

for j  1, p do

⇥(w)
j· =

h
⇥(w)

j1 . . . ⇥(w)
jL

i
, ⌘(i,w)

t =  (i,w)(⌧) + ⌫(i,w)
t

��2
w,j ⇠ Ga

⇣
a� + nJw

2 , b� + 1
2

PJw

i=1

Pn
t=1(y

(i,w)
t,j �⇥(w)

j· ⇠(w)(⌧)⌘(i,w)
t )2

⌘

for j  1, p do

y·,j = [y(1,j)(t1:n) . . . y(Jw,j)(t1:n)]0

⌘̃(w)0 =
h
⇠(w)(⌧1)⌘

(1,w)
1 . . . ⇠(w)(⌧n)⌘(1,w)

n . . . ⇠(w)(⌧1)⌘
(Jw,w)
1 . . . ⇠(w)(⌧n)⌘(Jw,w)

n

i

⌃̃�(w)
⇥ = ��2

w,j ⌘̃
(w)0 ⌘̃(w) + diag(�(w)

j1 ⇣(w)
1 , . . . ,�(w)

jL ⇣(w)
L )

⇥(w)
j· ⇠ NL

⇣
��2

w,j⌃̃
(w)
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⇥
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Fit Model
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Evaluating Models

52

p(y⇤1:n | {yi,w
1:n}Jw

i=1) ⇡
1

300 · M

MX

m=1

 
300X

n=1

p(y⇤1:n|⌦(w)
m , ⇤(i,m))

!

Single trial Training
data

Gibbs
Samples

Draws of

ψ
(1,w)
(⋅)

ψ
(Jw,w)

(⋅)

ψ
(0,w)
(⋅)



 ⇤(i,w)
m (t1:n) ⇠ Nn( (0,w)

m , K)
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Testing
• MLE-based models (likelihood)

• Homoskedastic

• Heteroskedastic

• Our model

µ(w)
MLE ⌃̂(w)

µ(w)
MLE ⌃̂(w)

t

53

 ⇤(t) ⇠ GP( (0,w)(t), K)

µ⇤(t) = ⇤(w)(t) ⇤(t)

⌃(w)(t) = ⇤(w)(t)⇤(w)(t)0
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Testing
• Choose category of word that 

maximizes log likelihood

• Evaluate Linear SVM for comparison

• 4 one vs all SVMs

• ties broken by distance to hyperplane

54

argmax

w
{ll(y(⇤)

1:n|µ,⌃)}

Friday, May 4, 12



Results
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μMLE Homoskedastic
μMLE Heteroskedastic
Our Method
SVM

Subject 1

Subject 2

0 10 20 30 40

Word Category Prediction Accuracy

p=
0.01

p=
0.05
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Results
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Summary

• Heteroskedastic model

• Hierarchy of latent processes

1) Noise

2) High Dimension

3) Brain coordination changes over time

4) Trial-to-Trial Variability
57
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Future Work

• Extend hierarchy

• over words in categories

• all words

• subjects

58
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Thanks!
Contact:

Alona Fyshe    afyshe@cs.cmu.edu

Code (soon):

http://www.cs.cmu.edu/~afyshe/papers/aistats2012
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