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Abstract

We present a new method for modeling fMRI time series datkedaHidden Process Models (HPMs). Like several earlier
models for fMRI analysis, Hidden Process Models assume liserged data is generated by a sequence of underlying mental
processes that may be triggered by stimuli. HPMs go beyordetlearlier models by allowing for processes whose timing
may be unknown, and that might not be directly tied to spesitienuli. HPMs provide a principled, probabilistic framesko

for simultaneously learning the contribution of each pescto the observed data, as well as the timing and identifiesich
instantiated process. They also provide a framework foluatimg and selecting among competing models that assuffiesedit
numbers and types of underlying mental processes. We dedtie HPM framework and its learning and inference algorith

and present experimental results demonstrating its usaratated and real fMRI data. Our experiments compare sexnevdels

of the data using cross-validated data log-likelihood infldRI study involving overlapping mental processes whoseings

are not fully known.
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1. Introduction 7 window of time (e.g. a hemodynamic response func-
g tion (HRF)), and a probability distribution on the on-

Hidden Process Models (HPMs) are a new methad Set time of the process relative to some external event
for the analysis of fMRI time series data based on tite (€-g., a stimulus presentation or behavioral response).
assumption that the fMRI data is generated by a setiof By including a probability distribution over process start
mental processes. HPMs model each process withpa-fimes, HPMs allow the study of processes whose on-
rameters that de ne both the spatial-temporal signatite S€t is uncertain and that may vary from trial to trial.
of fMRI activation generated by the process over some HPMs assume these processes combine linearly when

15 they overlap, and the sum of the HRFs from the active
~Correspondi 6 processes de nes the mean of a Gaussian probability
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1Hut0hin50n)- _ _ 19 and an inference algorithm that applies an HPM to in-
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ing algorithm resolves uncertainty about process iden- work on HPMs reported in Hutchinson et al. (2006).
tities and start times in the training data, while simuk  Dynamic Bayesian Networks (DBNs) (Murphy
taneously estimating the parameters of the processeq2002)) are another class of models widely used in
(the spatial-temporal signature and timing distributiom) machine learning that can be applied to fMRI analy-
This probabilistic framework also provides an opportts- sis. Hidden Markov models (HMMs) (Rabiner (1989))
nity for principled comparison of competing models ef are a type of DBN. HPMs are actually DBNs as well,
the cognitive processes involved in a particular fMRI although it is cumbersome to express HPMs in the stan-
experiment. g1 dard DBN notation. An example of a DBN that has been

Hidden Process Models build on a variety of woek used for the spatial-temporal analysis of fMRI is Faisan
on fMRI analysis, combining aspects of hemodynanaic et al. (2007), which presents hidden Markov multiple
response function estimation and mental chronomedry. event sequence models (HMMESMs). HMMESMs use
A linear systems approach for estimating HRFs is de- data that has been pre-processed into a series of spikes
scribed in Boynton et al. (1996), and Dale & Bucknesr for each voxel, which are candidates for association
(1997) describes how to deal with overlapping hemody- with hemodynamic events. In contrast, we estimate a
namic responses when times and identities of the under-spatial-temporal response to each process (similar to a
lying processes are fully observed. More recently, the hemodynamic event). Additionally, where we estimate
problem of asynchronous HRF estimation, in which the a probability distribution over the lag between stimulus
stimuli might not align with the image acquisition rate; and activation, HMMESMSs use an optimized, but xed
was addressed in Ciuciu et al. (2003). The major differ- activation lag. Finally, HMMESMs have only been
ence between these approaches and HPMs is that ali ofused to detect activation associated with stimuli, and
these methods assume processes generating the HRFsot to investigate hidden processes.
are fully known in advance, as are their onset times, One of the most widely used methods for analyzing
whereas HPMs can estimate HRFs even when there isfMRI data is SPM (Friston (2003)). An advantage of
uncertainty about when the HRF begins. 97 SPM is that it produces maps describing the activation

The eld of mental chronometry is concerned witts throughout the brain in response to particular stimuli. A
decomposing a cognitive task into its component pse- disadvantage of SPM is that it is massively univariate,
cessing stages. Traditionally, mental chronometry fas performing independent statistical tests for each voxel.
relied on behavioral data such as measured reaetionin fact, it has been shown that some mental states can-
times, but studies have shown that functional MRI ea@n not be detected with univariate techniques, but require
also be used to address this problem (Menon etoal. multivariate analysis instead (Kamitani & Tong (2005)).
(1998); Formisano & Goebel (2003)). Henson etiad. HPMs are a multivariate technique that employ data
(2002) and Liao et al. (2002) have also proposed meth- from all voxels, for example, to estimate the onset times
ods for estimating the HRF and its latency that useithe of processes. The learned parameters of the HRF for
temporal derivative of an assumed form for the HRF. each process can also generate maps to describe the ac-
While these works are not focused on identifying higk- tivity over the brain when that process is active (e.g.
den processes, the estimation techniques they desetibéhe average over time of the response for each voxel).
could potentially be incorporated into the HPM frame- This type of map is different from the ones produced
work. 11 by SPM, but still potentially useful.

The use of classi cation techniques from the eld ab The ideas discussed in Poldrack (2006) are also rele-
machine learning is becoming widespread in the fMRI vant to HPMs, especially in interpreting models that in-
domain (see Haynes & Rees (2006) for an overview). clude processes that are not well understood. That paper
Classi ers have been used to predict group membership reviews the idea of reverse inference, and the caveats
for particular participants (e.g. drug-addict vs. conti@d associated with it. Reverse inference occurs when activ-
in Zhang et al. (2005)), and a variety of mental states ity of a brain region is taken to imply the engagement
(Kamitani & Tong (2005); Mitchell et al. (2004); Coxs of a cognitive process shown in other studies to be as-
& Savoy (2003); Haxby et al. (2001)). HPMs can alse sociated with that brain region. This line of reasoning
be used for classi cation, but in a more general settirag. is more useful when the region of interest is highly se-
Whereas the above classi cation methods assume:thatlective for the cognitive process in question. This paper
the mental processes being classi ed do not overlap4n speaks directly to the problem of interpreting unsuper-
time, and that their timings are fully known during bath  vised processes from the parameters of their estimated
training and testing, HPMs remove both of these resttic- hemodynamice response functions in HPMs. Also rele-
tions. Finally, the current paper also extends preliminasy vantis the companion paper to Poldrack (2006), Henson
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(2006), which discusses conditions under which we an perior parietal and prefrontal areas, and one positioned

distinguish between competing cognitive theories that inferiorly to allow coverage of inferior frontal, poste-

differ in the presence/absence of a cognitive process rior temporal, and occipital areas. The spacing between
The major contributions of HPMs are the ability i these volumes varied across participants and depended

study cognitive processes whose onset times arertn-upon individual anatomy. Each participant was also an-

known, the ability to compare different theories of cag- notated with anatomical regions of interest (ROIs). The

nitive behavior in a principled way, and the ability to de data were preprocessed to remove artifacts due to head

classi cation in the presence of overlapping processes. motion and signal drift using the FIASCO program by

In all of these tasks, HPM parameters can also be ugsedEddy et al. (1998).

to enhance our understanding of the model.

This paper proceeds as follows. Section 2 introduges 5 1 o Experiment 2: synthetic data

HPMs formally, including the algorithms for inferengg,  The synthetic data was created to roughly imitate the
and learning. Section 3 provides results on real gnd gyperiment described above, and was used to evaluate
synthetic datasets, and Section 4 discusses these regultgipns against ground truth. We created datasets us-
186 ing two synthetic processes (ViewPicture and ReadSen-
2. Materials and methods 187 tence), and three processes (adding Decide). For each
188 experiment, all of the voxels responded to all of the

We rst present real and Synthetic datasets to whigth Processes. Itis Unlikely that all the voxels in the brain
we have applied HPMs so that we may use thentoas would respond to all processes in an experiment, but

examples in the following section. We then describeithe We wished to test HPMs in the most challenging set-
HPM formalism and algorithms. 192 ting possible: maximal spatial-temporal overap among

103 the HRFs of different processes.

194 For each dataset, the HRF for each process was gen-
15 erated by convolving a boxcar function indicating the
196 presence of the stimulus with a gamma function (fol-

2.1.1. Exp(_ariment 1: sentence-picture veri cation 197 lowing Boynton et al. (1996)) with parametdrs; :n g
We applied HPMs to an fMRI dataset collected While 5 the form

participants viewed and compared pictures and sen-
tences. In this dataset, 13 normal participants were pre- (5" lexp(—L)
sented with a sequence of 40 trials (Keller et al. (2001)). h(t) = a W
In half of the trials participants were shown a picture '
(involving vertical arrangements of the symbols *, +,
and $) for 4 seconds followed by a blank screen for 4
seconds, followed by a sentence (e.g. “The star is above
the plus.”) for 4 seconds. Participants were given 4 sec-
onds to press a button indicating whether the sentence
correctly described the picture. The participants then i \
rested for 15 seconds before the next trial began. In the /;Z’
other half of the trials the sentence was presented rst 0 : ‘ ‘
. . .. 0 5 10 15 20 25 30 35
and the picture second, using the same timing. Images (time)

Imaging was carried out on a 3.0 Tesla G.E. Signa
scanner. A T2*-weighted, single-shot spiral pulse se-
guence was used with TR = 500 ms, TE= 18 ms, 50-
degree ip angle. This sequence allowed us to acquit®8 The parameters for the gamma functions were
oblique axial slices every 500 ms, with an in-plane res- f 8:22; 1:08; 3g for ViewPicture,f 8; 2:1; 2g for Read-
olution of 3.125 millimeters and slice thickness of 3022 Sentence, and 7:5;1:3;3g. The processes' gamma
mm, resulting in approximately 5000 voxels per partiek- functions were convolved with a 4-second boxcar,
pant. The 8 slices were chosen to cover areas of the bsainmatching the experiment timeline. These responses are
believed to be relevant to the task at hand. More spegif- shown in Figure 1.
ically, the eight oblique-axial slices collected in eash  The ViewPicture and ReadSentence processes had
TR were acquired in two separate non-contiguous fewr- offset values off 0; 1g, meaning their onsets could be
slice volumes, one positioned superiorly to cover su- delayed 0 or 1 images (0 or 0.5 seconds) from their cor-

2.1. Data acquisition and pre-processing
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Fig. 1. Noise-free hemodynamic response functions of tbeqeses
in the synthetic data.
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responding stimuli. The Decide process had offset »al- three-process dataset. In both cases, the rst trial is a
ues off 0; 1; 2; 3; 4; 59, meaning its onset could be des picture followed by a sentence; the second trial is the
layed 0-5images (0-2.5 seconds) from its corresopneting reverse. The same general process was used to generate
stimulus, which in each case was the second stimthus four-process data.

presentation, whether it was a picture or a sentence.

. Synthetic 2-process data 26 2.2. HPM formalism
- - -Noise-free

o —— Standard deviation = 2.5
3 . . -
E 237 A Hidden Process Model is a description of a proba-
£ 238 Dility distribution over an fMRI time series, represented
El 239 in terms of a set of processes, and a speci cation of
=2} P . . .
o 240 their instantiations. HPMs assume the observed time

10 ‘ ‘ ‘ ‘ ‘ ‘ 241 series data is generated by a collection of hidden pro-

0 20 40 60 80 100 120

Time (seconds) 222 cess instances. Each process instance is active during
243 some time interval, and in uences the observed data
Fig. 2. Two-process synthetic data: a single voxel timesedor two ,,,  only during this interval. Process instances inherit prop-
trials, with and without noise_. The rst trial is a picture lfmved s erties from general process descriptions. The timing of
by a sentence; the second trial is the reverse. . .
246 process instances depends on timing parameters of the
247 general process it instantiates, plus a xed timing land-
0. Synthetic 3-process data 228 mark derived from input stimuli. If multiple process in-
229 stances are simultaneously active at any point in time,
250 then their contributions sum linearly to determine their
251 joint in uence on the observed data. Figure 4 depicts
22 an HPM for synthetic sentence-picture data.
253 HPMs make a few key assumptions, some of which
‘ ‘ ‘ ‘ ‘ ‘ 254 may be relaxed in future iterations of the framework.
20 40 e (ggcon i) 80 loo 120 255 For instance, the current version of HPMs uses a pre-
2s6  specied and xed duration for the response signature
Fig. 3. Three-process synthetic data: a single voxel timemeofor2s7  Of a process. Additionally, the process offsets are dis-
two trials, with and without noise. The rst trial is a piceifollowed 553 crete and tied to speci c images. Finally, we adopt the
by a sentence; the second trial is the reverse. The secodiPeg,  commonly used linearity assumption in fMRI and sum
each trial is higher than in Figure 2 because the three-psodata . . .
includes activation for the Decide process. 260 the response signatures of overlapping process instances
261 to predict the signal.

To generate the data for a new trial in the two-process  More formally, we consider the problem setting in
dataset, we rst chose which stimulus would come st which we are given observed data aT V matrix
(picture or sentence). We required that there be an egualconsisting oV time series, each of lengih For exam-
number of picture- rst and sentence- rst trials. Whena ple, these may be the time series of fMRI activation at
picture stimulus occurred, we randomly selected antf- V different voxels in the brain. The observed d#tas
set from the ViewPicture offsets and added it to the stisn- assumed to be generated nondeterministically by some
ulus onset time to get the process start time. Thereeae system. We use an HPM to model this system. Let us
added the ViewPicture HRF (over all voxels) to the sy- begin by de ning processes:
thetic data beginning at that start time. Sentences wereDe nition 1. A process is atuplehW; ; ;di.dis
dealt with similarly, where overlapping HRFs summed a scalar called the duration of , which speci es the
linearly. Finally, we added Gaussian noise with mean:0 length of the interval during which is active.W is a
and standard deviation 2.5 to every voxel at every time d V matrix called the response signature gfwhich
point. The three-process dataset was generated simi-speci es the in uence of on the observed data at each
larly, except that each trial included a Decide process=asof d time points, in each of th¥ observed time se-
well, whose onset was randomly chosen and addedstories. is a vector of parameters that de nes a multino-
the second stimulus onset time to get the process startmial distribution over a discrete-valued random vari-
time. Figure 2 shows the timecourse of a single vaxel able which governs the timing of and which takes on
for two trials from the two-process dataset (with and values from a set of integers. The set of all processes
without noise), and Figure 3 shows the same for #hae is denoted by .

- - -Noise-free
—— Standard deviation = 2.5

Signal amplitude

-10
0

4



281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304

Process 1: ReadSentence Process 2: ViewPicture

Processes of Response signature W: Response signature W:

\V; V2

Duration d: 11 sec. Duration d: 11 sec.

Offsets Wi {0,1} Offsets Wi {0,1}

PW: {q,.9,} P(W: {q,.9,}
Input sentence picture : :
stimuli: T picture ‘—sentence Process instance i,

‘ ‘ ‘ Process ID p: 1
Il 1 I 2 ” Landmark: Il ,

One J l Offset 0: 1 sec
configuration c ‘7%“ ‘74\5<|
of process ; §
instances ‘ \ ‘7%
{inip 050}

Predicted mean:

Fig. 4. Example HPM for synthetic 2-process, 2-voxel datactEprocess has a duratialy possible offsets and their probabilities , and
a response signatulMy over time (on the horizontal axis) and space (voxelsandv2). They are instantiated 4 times in the con guration
c. The start time of a process instances its landmark plus its offseto. The predicted mean of the data is the sum of the contribsitain
each process instance at each time point. (The responsatigigm are contrived rather than realistic in order to méearly show linearity.)

The set of values in is de ned by the designer afos
the HPM, and the length of is the same as the chosen
length of . As we will see below, the parameters oz
can be learned from data. 308

We will use the notation( ) to refer to the paramsos
eter for a particular process. More generally, wesio
adopt the convention th&t(x) refers to the parameter: roughly when the process instance will begin, subject
f af liated with entity x. 312 to some variability depending on its offg@t which in

Each process represents a general procedure whichturn depends on its process idendity More speci -
may be instantiated multiple times over the time se- cally, the process starts at=  + O, whereO is a
ries. For example, in the sentence-picture fMRI study random variable whose distribution is a property of the
described above, we can hypothesize general cognitiveprocess . In contrast, the particular value @ is a
processes such as ReadSentence, ViewPicture, andDeproperty of the instance. That is, while there may be
cide, each of which is instantiated once for each tdal. slight variation in the offset times of ReadSentence in-
The instantiation of a process at a particular timeiés stances, we assume that in general the amount of time
called aprocess instangade ned as follows: 320 between a sentence stimulus (the landmark) and the be-
De nition 2. A process instanceis a tupleh; ;O i, s22 ginning of the ReadSentence cognitive process follows
where identi es a processas de ned above, is as2 the same distribution for each instance of the ReadSen-
known scalar called a timing landmark that refers taza tence process.
particular point in the time series, an@ is an integerszs We consider process instances that may generate the
random variable called the offset, which takes on valites data in ordered sets, rather than as individual entities.
in (). The time at which process instancéeginsszs This allows us to use knowledge of the experiment de-

given byd( ), and the response signatureVig ( ).

The timing landmark is a timepoint in the trial,
typically associated with an event in the experiment de-
sign. For example, the timing landmark for a process
instances in the sentence-picture veri cation task may
be the times at which stimuli are presentedspeci es

is de ned to be + O. The multinomial distributiorsz7
governingO is de ned by (). The duration ofi is s2s

5

sign to constrain the model. We refer to each possible
set of process instances asan guration.
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De nition 3. A con gurationc of lengthL is a set ofs7a
process instanceki; :::iLg, in which all parametersrs
for all instances{ ; ;O g) are fully-speci ed. 376
In HPMs, the latent random variable of interest issan
indicator variable de ning which of the set of con gus
rations is correct. Given a con guratia= fii:::i g s
the probability distribution over each observed data
point y,, in the observed dat¥ is de ned by thess:
Normal distribution: 382
383
yo N (w(Q); ¢ (1) 384
where 2 is the variance characterizing the tinfes
independent, voxel-dependent noise distribution asseérci-
ated with thev! time series, and where
X dex ()
w(c) =
i2c

(H+o@)=t Hwy( (i)

(2) 387
Here () is an indicator function whose value is f

its argument is true, and 0 otherwise,, ( (i)) is the %69

element of the response signatke associated With™®
process (i), for data series, and for the " time step
in the interval during which is instantiated.

Equation (2) says that the mean of the Normal distri-

bution governing observed data poyat is the sum of

=0

a smaller number of possibilities. These con gurations
facilitate the incorporation of prior knowledge about the
experiment design like timing constraints as mentioned
above. For example, if stimulus A was presentetiat
5 then there is no need to consider con gurations that
allow the cognitive process associated with this stimu-
lus to begin at = 4. This knowledge is contained @
if none of the con gurations have an instance of pro-
cess A beginning at a time earlier thar 5. The al-
gorithms presented below can compute the probability
of each con guration in several settings.

An HPM de nes a probability distribution over the
observed dat¥ as follows:

P (Y jHPM) =

P(Y jHPM;C = ¢)P(C = ¢HPM)
c2C
whereCis the set of candidate con gurations associ-
ated with theHPM, andC is a random variable de ned
over C. Notice the termP (Y jHPM; C = ¢) is de ned
by equations (1) and (2) above. The second term is

X 3)

P(C= GHPM) =
P( (9iHPM) =i P(O(i)j (i); HPM)
coac P( (SQJHPM) 0, o P(O(i9] (i9; HPM)

(4)

P

single contributions from each process instance whese where P( (c)jHPM) is a uniform distribution

interval of activation includes time In particular, thesq,
() expression is non-zero only when the start tigae

( (i) + O(i)) of process instanceis exactly time zo4
steps beford, in which case we add the element of
the response signatu¥® ( (i)) at the appropriate dews
lay ( ) to the mean at timé. This expression captures;
a linear system assumption that if multiple processes
are simultaneously active, their contributions to the dga
sum linearly. To some extent, this assumption holds,§er
fMRI data (Boynton et al. (1996)) and is widely used
in fMRI data analysis.

We can now de ne Hidden Process Models:
De nition 4. A Hidden Process ModdHPM, is a tuple
h ;Ch2::: 2ii ,where isasetofprocesse€isa
set of candidate con gurations, and is the variance >
characterizing the noise in thé" time series of . o

Note that the set of con guratior is de ned as part405
of the HPM and thatiit is xed in advance. Each con g~
uration is an assignment of timings and process tyffes
to some number of process instances. If we think of the

401

hypothesis space of an HPM as the number of ways that

its processes can be instantiated to in uence the data,
which is a very large number if any process can occur
at any time, we can see th@trestricts the hypothesiss
space of the model by allowing the HPM to consider

6

over all possible combinations of process IDs.
P(O(i)j (i);HPM) is the multinomial distribution
de ned by ( (i)).

Thus, the generative model for &PM involves rst
choosing a con guratiort 2 C, using the distribution
given by equation (4), then generating values for each
time series point using the con gurationof process
instances and the distribution f&(Y jHPM;C = ¢)
given by equations (1) and (2).

2.3. HPM algorithms

2.3.1. Inference: classifying con gurations and
process instance identities and offsets

The basic inference problem in HPMs is to infer the
posterior distribution over the candidate con gurations
C of process instances, given th#®M, and observed
dataY . By Bayes theorem we have

P(C = ¢Y ;HPM) =
P(YjC = ¢c;HPM)P(C = ¢jHPM)
e P(YJC = ¢ HPM)P (C = cYHPM)
where the terms in this expression can be obtained
using equations (1), (2), and (4).

®)

P
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Given the posterior probabilities over the con guras can be ill posed if the training data does not exhibit suf-
tionsP(C = ¢Y ;HPM), we can easily compute thes cient diversity in the relative onset times of different
marginal probabilities of the identities of the process process instances. For example, if processes A and B
instances by summing the probabilities of the con ges always occur simultaneously with the same onset times,
rations in which the process instance in question takesthen it is impossible to distinguish their relative contri-
on the identity of interest. For instance, we can cam- butions to the observed data. In cases where the problem

pute the probability that the second process instasee:
in a particular trial has identity A by: 462

P( (i2)= A)=
(C (iz) = A)jc)P(C = ¢Y ;HPM)

c2C 465
Note that other marginal probabilities can be obtaipgd
similarly from the posterior distribution, such as the
probabilities of particular offsets for each process ji-
stance, or the joint probability of two process instanggs
having a particular pair of identities.

(6)

463
464

470
471

2.3.2. Learning: estimating model parameters 472

The learning problem in HPMs is: given an observed
data sequenc¥ and a set of candidate con gurationss
we wish to learn maximum likelihood estimates of thie
HPM parameters. The setof parameters to be learnat
include () andW () for each process 2 , and477

2 for each time series. 478
479

2.3.3. Learning from fully observed data 480

First consider the case in which the con guration’®f
process instances is fully observed in advance (i.e

process instances, including their offset times and fito-

cess IDs, are known, so there is only one con gui®-
tion in the HPM). For example, in our sentence-picttite

involves such singularities, we use the Moore-Penrose
pseudoinverse to solve the regression problem.

2.3.4. Learning from partially observed data
In the more general case, the con guration of pro-

cess instances may not be fully observed, and we face
a problem of learning from incomplete data. Here we
consider the general case in which we have a set of
candidate con gurations in the model and we do not
know which one is correct. The con gurations can have
different numbers of process instances, and differing
process instance identities and timings. If we have no
knowledge at all, we can list all possible combinations
of process instances. If we do have some knowledge, it
can be incorporated into the set of con gurations. For
example, in the sentence-picture brain imaging experi-
ment, if we assume there are three cognitive processes,
ReadSentence, ViewPicture, and Decide, then while it
is reasonable to assume known offset times for Read-
Sentence and ViewPicture, we must treat the offset time
for Decide as unobserved. Therefore, we can set all of
the con gurations to have the correct identities and tim-

sz ings for the rst two process instances, and the correct

identity and unknown timing for the third.
In this case, we use an Expectation-Maximization
algorithm (Dempster et al. (1977)) to obtain locally

brain imaging experiment, we might assume there“#re maximum likelihood estimates of the parameters, based

only two cognitive processes, ReadSentence and Vigiwv-

on the followingQ function.

Picture, and that a ReadSentence process instance be-

gins at exactly the time when the sentence is presented

to the participant, and ViewPicture begins exactly when

the picture is presented. 488
In such fully observable settings the problem of leaffi-

ing () reduces to a simple maximum likelihood €&

timate of multinomial parameters from observed data.

The problem of learning the response signaties )

is more complex, because té ( ) terms from multi-

ple process instances jointly in uence the observed data ¥ O X

at each time point (see equation (2)). Solving\K )
reduces to solving a multiple linear regression problem
to nd a least squares solution, after which it is easy to
nd the maximum likelihood solution for the 2. Our

Q( ; )= Ecjy; w[P(Y:Cj)l ()

The EM algorithm, which we will call Algorithm 1,
nds parameters that locally maximize the&) func-
tion by iterating the following steps until convergence.
Algorithm 1 is shown in Table 1.

The update toV is the solution to a weighted least
squares problem minimizing the objective function

— Ay - old
rezar ) v (O)?

(8

where y () is de ned in terms ofW as given in equa-

(Yiv

v=1l t=1 c2C

multiple linear regression approach in this case is basedtion (2). We can optionally add a regularization term

on the GLM approach described in Dale (1999). One

to this objective function to penalize undesirable prop-

complication that arises is that the regression problem erties of the the parameters:

7
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ALGORITHM 1 530
Iterate over the following two steps until the changeQnfrom
one iteration to the next drops below a threshold, or until g
maximum number of iterations is reached.

E step: Solve for the probability distribution over the

con gurations of process instances. The solution to this is

given by Equation (5).

M step: Use the distribution over con gurations from the E

. . 532
step to obtain new parameter estimates\ér, 28v,

533

and o 8; 80 that maximize the expected log-likelihood o

the full (observed and unobserved) data (Equation 7), using

Equations 8 (or 9), 11, and 12.
Table 1

Algorithm 1 computes the maximum likelihood estimates o th
HPM parameters in the case where the true con guration ofgse
instances is unknown.

XX X P(C = ¢gY: od
C2 D e w@?+
v=1 t=1 ¢c2C v
9)
Here weights the in uence of the regularizer in

relation to the original objective function. In our ex-
periments, we penalized deviations from temporal and
spatial smoothness by settimgto the squared differ-
ence between successive time points within the pro-
cess response signatures, summed over voxels, plus th

the model is:

1
ﬁlo(w; A)
where
0, X n 2
WA= (yq, ayWi naipi)”  (16)
n;tv i

wherey], represents the value of in trial and " (i)
represents the start of process trial n.

ALGORITHM 2

Let Y be the column vector for the values fiyy, g. Start with
(W; &) an initial random guess, then repeat Steps 1 and 2 until
they converge to the minimum of the functiof(\W ; &).
STEP 1: Write IqW; &) = jjUW  Yjj2 whereU is aNTV
by Kd matrix depending on the current estimafeof the scaling
constants. Minimize with respect W using ordinary Least
Squares to get a new estimafe= (UTU) 1UTY.

STEP 2: Minimize 1% with respect toA same as in Step 1.
STEP 3: Once convergence is reached by repeating the abo

19W; &)
NVT

[¢)

two steps, let*2 =
Table 2

Algorithm 2 computes the maximum likelihood estimators far-
?ameters in Shared HPMs.

squared difference between adjacent voxels, summed . _
over the time points of the process response signatees. It is easy to see that the functiéhdoes not depend

That is: 535
X X/ d(x) 1 536

r= Wy, +1( ) wy ( ))2"' (10) %%

2 v=1 =1 538

X W1 W % ) >
AGi)  w () w (20

2 izl j=i+l =1

whereA is a binaryv Vv adjacency matrix4 (i;j ) is .
1if and only if voxeli is adjacent to voxgl, where we,_,,
consider a voxel adjacent to the 26 surrounding voxgj@).

The updates to the remaining parameters are g%e
by:

547
548

2 1 X 2 549

v T Ecjv; oa [(Yv v (C)1  (11) 50
t=1

0 =o (12) 552

ez (D= "OM=o0p©

cacizeon ( (y ( (= "0O@)= I)pc)

wherep(c) is shorthand foP (C = ¢jY; ©d).

on the variance 2 and it is a sum of squares, where
the quantity inside each square is a linear function in
bothW andA. Based on this observation, we describe a
method to compute the maximum likelihood estimators
for the parameters that are shared across the voxels in
our set, which we call Algorithm 2, shown in Table 2.

In general it is dif cult to specify a priori which vox-
els share their process response signature parameters.
Algorithm 3, shown in Table 3 introduces Hierarchi-
cal Hidden Process Models, which use a nested cross-
validation hierarchical approach to both partition the

Mprain into clusters of voxels that will share parameters

and simultaneously estimate those parameters. For each
fold of training data, the algorithm starts by partitioning
the voxels into their anatomical ROIs. It then iteratively
evaluates the current partitioning scheme with an in-
cremental modi cation to the partition created by split-
ting one existing subset into 16 smaller subsets using
equally spaced planes in all three directions. If the av-
erage cross-validated log-likelihood of the model using
the new partition is higher than that of the old, the new
partition is kept. Otherwise the subset that the algorithm
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ALGORITHM 3 se9  Signatures from training data using Algorithm 1, that
570 we can correctly classify which of a set of con gura-
s71 tions truly generated the test data, and that we can re-
s72  liably choose the number of processes underlying the
model from the remaining folds using Steps 3-5. 573 data. Our results on the real sentence-picture fMRI data
STEP 3: Start by partitioning all voxels in the brain into their [574 demonstrate the use of HPMs for model comparison in
575 the sentence-picture study, and give examples of the re-
s76  sults of the trained models, including spatial and tem-
s77 poral views of an estimated response signature, and an
Not Final, take any such subset and try to split it using equallys;s  estimated timing distribution. Finally, we present re-
spaced planes in all three directions (in our experimentspi¢ |57  Sults showing that Shared HPMs can improve data log-
sso  likelihood, especially when the training set is small, and
ss1  show clusters of voxels learned by Algorithm 3.
582 Some of our results are compared in terms of the
these new subsets using Algorithm 2 (based on féldsFy, ss3 log-likelihood of the data under the model. To compute
wheren denotes set minus) is lower than the cross-validation|ss4 the log-likelihood, we use the log of Equation 3 with
sss @ slight modi cation. Equation 3 takes an average of
sss the data likelihood under each con guration, weighted
ss7 by the probability of that con guration. To compute
Otherwise remove the initial subset from the partition aeplace|sgs the likelihood of the con guration, we use Equations
it with its subsets which then mark &ot Final. ss9 1 and 2. Since different con gurations can be active
STEP 5: Given the partition computed by Step 3 and 4, baseff*° .for W.indOYVS of t.ime _With diﬁer,ent lengths, we replace
o ) so1 inactive timepoints in  (c) with the mean over all
on the data points ifr nFy, learn a Hidden Process Model tha\é92 trials of the training data for timepoirtand voxelv,
is shared for all voxels inside each subset of the partifidgse | 593 replacing zeros in the predicted mean where no process
this model to compute the log score for the examples/trials,i.| 594 instances were active. This process helps to minimize
s the advantage of longer con gurations over shorter ones
_ _ B so6 IN terms of data log-likelihood. These log-likelihood
Fi. To come up with one single model, compute a partition 455@7(3 scores can be averaged over multiple test sets when
Steps 3 and 4 based on allfolds together, then, based on thisses  performing cross-validation to get an estimate of the

partition learn a model as in Step 5 using all examples. The |s99 overall performance of the model.

STEP 1: Split the examples intm folds F = Fq;:::;Fn.
STEP 2: For all1 Kk n, keep foldFy aside and learn a

ROIs and mark all subsets &t Final.
STEP 4: While there are subsets in the partition that are

each subset into 16 = 4 x 2 x 2 smaller subsets). If the

cross-validation average log-likelihood of the model ek from

average log-likelihood of the initial subset for folds khn Fy,

then mark the initial subset d&Snal and discard its subsets.

STEP 6: In Steps 2-4 we came up with a partition for each fg

average log score of this last model can be estimated by

averaging the numbers obtained in Step 5 over the folds. s00 3.1. Synthetic data

Table 3

Algorithm 3 performs nested cross-validation to partititve brain i . i
into clusters of voxels that share their process resporgreassire0t  3.1.1. Estimation of the hemodynamic responses

parameters and simultaneously estimate those parameters. 602 To test whether HPMs can accurately recover the
true process response signatures underlying the data, we

) . compared the learned response signatures to the true re-
the algorithm iterates over the other subsets. The nal P P g

S £ sponses in the two and three-process synthetic datasets.
partition is used to compute a score for the current fold

606 1hese datasets each had only 2 voxels (the small num-

of the training set, and then the process is repeated oo ot yoxels was chosen to easily show the learned

the other folds. Finally, a model unifying all the fokggé

b d wh ‘ b - (i\(/asponses, even though the learning problem is easier
can be computed, whose performance can be estimateq, in, more informative voxels). In each case, we trained
from the cross-validation. (See Table 3 for details.)

610 the HPM on 40 trials (the number of trials we have in
e11 the real data) using Algorithm 1. For the synthetic data
3. Results s12 experiments we did not use regularization.
613 In both datasets, the identity of the process instances

In this section, we present results on both synthetic in each trial were provided to the learning algorithm via
data and fMRI data from the sentence-picture vesis the con gurations, but their timings were not. This cor-
cation experiment. Our results on synthetic data skew responds to reasonable assumptions about the real fMRI
that we can accurately recover the true process respanselata. Since we know the sequence of the stimuli, it is

attempted to split is placed into the nal partition, agﬁé

9
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reasonable to assume that the process instances matcReadSentence followed by ViewPicture, or ViewPicture
that sequence. However, we do not know the delayste- followed by ReadSentence. Based on our knowledge of
tween the stimulus presentation and the beginningrof the experiment design, the rst two instances could not
the cognitive process(es) associated with it. 671 have the same parent process (i.e. ReadSentence fol-
Two trials of the two-process data are shown in Fig- lowed by ReadSentence was not allowed). For all three
ure 5, and the learned responses for each process ininstances in the test set trials, the timing was unknown.
each voxel are shown in Figure 6. Note that the leared For both the two-process and three-process data, HPMs
responses are reasonably smooth, even though thissaspredicted the correct con guration on the test data with
sumption was not provided to the learner. The mean 100% accuracy.
squared error between the learned and true responses av-
eraged over timepoints, processes, and voxels is 0.2647,
and the estimated standard deviations for the voxelszare3.1.3. Choosing the number of processes to model
2.4182 and 2.4686 (compare with the true value, 2%&). Another interesting question to approach with syn-
The EM training procedure converged in 16 iteratiosts. thetic data is whether or not HPMs can be used to de-
Figures 7 and 8 are the corresponding plots for edae termine the number of processes underlying a dataset.
three-process data. In this case, the mean squaredserro®ne might be concerned that HPMs would be biased in
between the learned and true responses averagedsaveiavor of more and more processes by using extra pro-
timepoints, processes, and voxels is 0.4427, and thesescesses to t noise in the data more closely. We do ex-
timated standard deviations for the voxels are 2.4816 pect to t the training data better by using more pro-
and 2.4226. The EM training procedure convergedssn cesses, but we can use independent test data to evaluate
24 iterations. ess Whether the extra processes are indeed tting noise in
The identi ability of the model from the data is a sigs7 the training data (which we would not expect to help t
ni cant factor in estimating the HRFs of the processes. the test data) or whether the extra process contain ac-
A system is identi able if there is a unique set of paragn- tual signal that helps t the test data. In fact, there can
eters that optimally reconstruct the data. For instaage, be a slight bias, even when using separate test data, in
if the cognitive processes never overlap, we can easily favor of models that allow a larger number of possible
deconvolve the contributions of each one. Howevesgydf con gurations. As we show below, the impact of this
two processes are fully-overlapping every time they@g- bias in our synthetic data experiments does not prevent
cur in the data, there are an in nite number of resposisse HPMs from recovering the correct model.
signature pairs that could explain the data equally well.  To investigate this question, we generated training
Note that the two-process data is identi able, whereas sets of 40 examples each using 2, 3, and 4 processes
the three-process data is not. 697 in the same fashion as the previous experiments. For
ees each training set, we trained HPMs with 2, 3, and 4
699 processes each. Additionally, we generated test sets of
3.1.2. Classi cation of con gurations 700 100 examples each using 2, 3, and 4 processes. Every
To test whether these learned HPMs could corregtly training and test set had 100 voxels. For each test set,
classify the process instance con gurations in a new we used each of the HPMs trained on its correspond-
trial, we ran a similar experiment, again using synthetic ing training set to evaluate the log-likelihood of the test
data. In this case, the training set was again 40 trials, data under the model. In each case, the model selected
and the test set consisted of 100 trials generated inde-by the algorithm based on this score was the one with
pendently from the same model. This time, we used 00 the correct number of processes. We performed this ex-
voxels, all of which responded to both stimuli, in bath periment with independently generated training and test
the training and test sets, which is a reasonable numbersets 30 times with consistent results. The average test-
of voxels in which we might be interested. 700 set log-likelihoods are shown in Table 4, along with fur-
The uncertainty in the process con gurations in the ther repetitions of this experiment with decreasing train-
training set again re ected the real data. Thatis, the pro- ing set sizes. As expected, we see increased variability
cess identities were provided in the con gurations for with smaller training sets, but even for small numbers
the training data, but the timing was unknown. In the of examples, the HPM with the highest test data log-
test set however, we allowed more uncertainty, assum- likelihood has the same number of processes as were
ing that for a new trial, we did not know the sequenge used to generate the data.
of the rst two stimuli. Therefore, the third process was When using real data instead of synthetic data, we
known to be Decide, but the rst two could be either do not have an independent test set on which to verify
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Two trials of synthesized data for the 2-process experiment

Signal Amplitude

0 20 40 60 80 100 120
Images (TR=500msec)

Fig. 5. Two trials of synthetic data for the 2-process experit using 2 voxels. The rst trial (the left half of the timerges) is a picture
followed by a sentence; the second trial is the reverse.

20 Voxel 1
i
°
2
- - -True response, process 1 TE:L -20
- - -True response, process 2 < 20 40
—Learned response, process 1 T 20 Voxel 2
—Learned response, process 2 (%1 /f\
-20

20 40
Images (TR=500msec)

Fig. 6. Comparison of the learned vs. true process respogatgres in the two-process data for two voxels. The meaareq error between
the learned and true responses averaged over timepoiotegses, and voxels is 0.2647.

Two trials of synthesized data for the 3-process experiment

30r

20

10

ol

Signal Amplitude

10 20 40 60 80 100 120

Images (TR=500msec)
Fig. 7. Two trials of synthetic data for the 3-process experit using 2 voxels. The rst trial (the left half of the timerges) is a picture
followed by a sentence; the second trial is the reverse.

20 Voxel 1
0 AM
- --True response, process 1 3
- - -True response, process 2 g -20
True response, process 3 E‘ 0 20 40
——Learned response, process 1| < g Voxel 2
—— Learned response, process 2| & =
Learned response, process 3 -;73,’ ol o
-20
0

20 40
Images (TR=500msec)

Fig. 8. Comparison of the learned vs. true process respageatsres in the synthetic two-process data for two vox€lee mean squared
error between the learned and true responses averagediroepoints, processes, and voxels is 0.4427.

the number of processes to use. Instead, we can medifypieces. For each left-out piece, we can compute the log-
our method by using cross-validation. We can separate likelihood of the data for each HPM, and average these
the dataset intm non-overlapping pieces, leave onewef log-likelihoods over the left-out pieces. This average
them out as the independent test set, and train HRbslog-likelihood is then a measure of how well each HPM
with different numbers of processes on the remaining performs on unseen data. This process avoids over tting

11
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Number ofNumber o
Training | Processeg
Trials in HPM 2 Process Data|| 3 Process Data 4 Process Data
40 2 5:64 0:00444 7:93 0:0779 7:72 0:0715
40 3 7:47 0:183 5:66 0:00391 5:72  0:00504
40 4 7:19 0:0776 5:687 0:00482|| 5:65 0:00381
20 2 2:87 0:204 3:80 0:192 3:70 0:606
20 3 4:00 0:0461 || 2:86 0:00597 2:87 0:00276
20 4 3:91 0:0319 2:89 0:00320| 2:85 0:00364
10 2 1:44 0:245 2:07 0:0653 1:96 0:0665
10 3 1:99 0:119 1:47 0:0231 1:47 0:00654
10 4 1:95 0:0872 1:49 0:0195 1:46 0:00427
6 2 2:87 0:204 1:32  0:0363 1:34  0:297
6 3 4:00 0:0461 || 0:923 0:0130 0:928 0:0126
6 4 3:91 0:0319 0:933 0:0149| 0:921 0:00976
2 2 3:75 0:00710 7:23  0:0456 4:62 0:0383
2 3 5:36 0:0689 6:99 0:0823 3:96 0:0252
2 4 5:08 0:0704 7:02 0:0853 3:91 0:0241

Table 4

For each training set, the table shows the average (over r8) tast set log-likelihood of each of 3 HPMs (with 2, 3, andrdcpsses) on
each of 3 synthetic data sets (generated with 2, 3, and 4 gsesp Each cell is reported as mearstandard deviation. NOTE: All values
in this table are 10°.

the noise in the training set because the model mustdoing trials for each test trial. The 4 models are an HPM
well on data it has not seen in training. with 2 processes (ReadSentence and ViewPicture) with
non-overlapping responses (HPM-GNB), HPMs with 2
processes (ReadSentence and ViewPicture) with known
and unknown timing for ReadSentence and ViewPicture
(HPM-2-K and HPM-2-U respectively), and an HPM
3.2.1. HPMs for model comparison 75 With 3 processes (ReadSentence, ViewPicture, and De-
In this Section' we create several HPMs for the Cide) with known t|m|ng for ReadSentence and View-
sentence-picture fMRI data and evaluate them in tefihs Picture (HPM-3-K). Note that all of the models used
of the log-likelihood of the data under each modét. all available voxels for each participant. More details of
This evaluation is done in the context of 5-fold crogs- €ach model are explained below.
validation, meaning that the 40 trials are split intd®s  The HPM-GNB model approximates a Gaussian
folds of 8 trials each. Each fold is held out in turn a&h Naive Bayes model (Mitchell (1997))through the HPM
test set while the models are trained on the other 32%i- framework. It has two processes: ReadSentence and
als. The training was done using Algorithm 1 with reg ViewPicture. The duration of each process is 8 seconds
ularization, with weight = 20. Since log-likelihoodres (16 images) so that they may not overlap. HPM-GNB
does not have concrete units, we compare the scofé ofias a variance for each voxel, and incorporates the
each model to the log-likelihood score achieved by e knowledge that each trial has exactly one instance of
naive method of averaging all training trials togetfigr ReadSentence and exactly one of ViewPicture. It is
and predicting this average trial for each test trial. 768 the same as HPM-2-K (presented in the next section)
Table 5 presents the improvement of 4 models ovep a €xcept that the processes are shorter so that they may
baseline, averaged over 5 folds of cross-validation. Fig- Not overlap.
ure 9 presents the same information graphically. The HPM-2-Kiis a 2-process HPM containing just Read-
base"ne iS Computed by predicting the mean Ofthe tryﬁ‘]_ Sentence and VieWPiCture, eaCh Of Wh|Ch haS a dura'

750
751
752
753

3.2. Real data

754
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‘ParticipanH HPM-GNB HPM-2-K HPM-2-U HPM-3-K

A 14040 3304{12520 1535{14720 1970[11780 3497
14460 2555/14580 1011j15960 1790 7380 2439
12860 4039/14080 1794/15460 2542/ 7500 1329
12140 1276/ 13700 943(15720 1264/10360 1408
14340 194117140 1236{17560 1484/10100 4909
16180 3671{17400 4064/18040 4060/ 8180 1886
12160 68014680 942(14940 13585740 1820

I|G|M{mMm OO |®

14120 1281)14860 811(16160 1699 7360 4634

| 11460 2201]13080 2572{14260 2384/10420 2046

12140 250912840 130114420 3391 7960 2907

14080 298314620 2190{17120 2410 8800 3044

17820 2716/20200 1580{19980 2494/13700 3519

S |r | X|a

12940 120512680 1796{14560 12369240 1677

Table 5

Improvement of test-set log-likelihood for 4 models oveedicting the average training trial computed using 5-faldse validation for 13
subjects. Each cell reports the mean plus or minus 1 stardiidtion of the model log-likelihood minus the naive methog-likelihood
over the 5 folds.

Improvement of 4 HPMs over Naive Method Log-Likelihood

25000

20000
oA

CH
oc
oo
'3
aF
| ac

oH
10000 -
o

15000

oK
L
5000 am

HPM LL - Baseline LL averaged over 5 folds.

Fig. 9. Improvement in all 13 participants (A-M in differecblors) of 4 HPMs over a baseline method that predicts theageetraining
trial for every test trial. The values plotted are the meaerdy folds of cross validation of the model log-likelihood mas the baseline
log-likelihood, and the error bars represent one standakdation. From left to right on the x-axis, the models are HBMB, HPM-2-K,

HPM-2-U, HPM-3-K.

tion of 12 seconds (a reasonable length for the hemody- e[ dn] avjoan)| 2] o]
namic response function). The 'K' stands for 'known,’
meaning that the timing of these two processes is as-
sumed to be known. More speci cally, it is assumed 2P| 1]0|S|17]0
that each process starts exactly when its correspondingable 6 _ o
stimulus is presented. In other words;, fOgforboth ~ Ccongurations for a test set trial under HPM-2-; is the rst
. . . process instance in the trial, ang is the second process instance.

processes. For a given test set trial, the con gurations ™y~ (i) "and O(i) are the process ID, landmark, and offset,
for HPM-2-K are shown in Table 6. The con gurations  respectively, for process instanceFor supervised training, there is
for a training set trial are restricted to those containing only one con guration for each training trial.
the correct order of the processes (based on the order
of the stimuli). 7es ReadSentence and ViewPicture. In this case though, the

HPM-2-U is also a 2-process HPM containing just 'U’stands for 'unknown, meaning that we allow a small

7s7 amount of uncertainty about the start times of the pro-

1| S 1 0 P | 17 0
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cesses. In HPM-2-U, the for each process i0; 1g, ‘CH (il)‘ (il)‘O(il)‘ (iz)‘ (iz)‘O(iz)‘ (ig)‘ (ig)‘O(ig)‘
which translates to delays of 0 or 0.5 seconds (0 or 1 im-

; . . 1l s| 1| 0| P|17| 0 |D|27| 0O
ages) following the relevant stimulus presentation. The
con gurations for the test set in this case are in Table |2 S| 1| 0 | P |17 0 | D | 17] 1
7. Again, during supervised training, the con gurations 3l sl 1|0 | P|l17] 0| D]|17]| 2
for a given training trial are I|m|t§d to those that have Al sl 21l olpliz]l o lb 17| 3
the correct process ordering. Since the true offset for
; e 5| s| 1| 0| P|17| 0 | D |17 | 4
the processes are unknown even during training, there
are still 4 con gurations for each training trial. 6l s| 1| 0| P|17| 0| D|17| 5
7P| 12| 0| S|1|0|D|27| O
‘CH ('1)‘ ('1)‘0('1)‘ ('2)‘ ('2)‘0('2)‘ gl P| 1|0 |s|17| 0 |D|17| 1
ys|prjo ) P17 o ol Pl 1| 0| s |17| 0 |D|17]| 2
ys|pr]1 P17 o 0P| 1] 0|s|17| 0| D|17]| 3
ysjprjo P71 11, P| 1] 0| s|17| 0o | D |17]| 4
ys|prj1 P71 120 P | 1] 0| s|17| 0 |D|17]| 5
2P| 1| 0] S |17| 0 Table 8
Con gurations for a test set trial under HPM-3-K. The reanttime
q P 1 1 s | 17 0 for this trial is 2.6 seconds, which corresponds to offsebbthe
2l P 1 0 s |17 1 Decide process, so all con gurations with offsets grealtemt5 for
this process have been eliminated for this trial.
2l Pl 1] 1]|s|17]| 1
Table 7 s2s each individual subject are not all signi cant, the cross-

Con gurations for a test set trial using HPM-2-U. For supsed g iact trend indicates that HPM-2-K slightly outper-
training where we assume the order of the stimuli is knowareh f HPM-GNB. i lving that delina th |
will be only four con gurations for each training trial. 825  10rms 3 » IMplying that modeling the overiap

s26 Of the ReadSentence and ViewPicture process response

HPM-3-K adds a Decide process to the previou&2 signatures can be ad\'/an'tagfeous. HPM-2-U generally
models, also with a duration of 12 seconds. The Degigle Performs even better, indicating that it can be helpful
process has= f0; 1; 2; 3; 4: 5; 6; 7g, allowing the pro-#2° 0 allow some uncertainty as to the onset of the process
cess to start with a delay of 0 to 3.5 seconds from®ffie Instances. Interestingly, HPM-3-K shows the least im-
second stimulus presentation. For these HPMs, wef¢anProvement over the naive method, despite the fact that
use the information we have aboutthe participant's ré#c- SOme kind of third process must be occurring in this
tion time by assuming that the Decide process mustHe- €xperiment. One poss@le explanation for the relatively
gin before the participant pushes the button. This ménsPOOr performance of this model could be that the pos-
that for each trial, we can also eliminate any con g sible offsets for Decide are not modeled properly. An-

rations in which the Decide process starts after the #at- Other possibility is that the added complexity of HPM-

ton press; that is, any con gurations for whicl > 7 3-K requires more training data than is available.

reaction _time . Note that this implies that different tri-

als can have different sets of con gurations since reac- 3.2.2. Interpreting HPMs

tion times varied from trial to trial. If the participant dido In the previous section, we estimated how well differ-

not press the button for some trial, all offsets are consid- ent HPMs would predict unseen test data using cross-

ered for the Decide process. The test set con guratians validation. In this section, we examine the parameters

for HPM-3-K for a trial with a reaction time of 2.6 see«2 of the HPMs to try to understand what the models are

onds are given in Table 8. Since the nearest precedinglearning better. For the results below, we trained HPM-

image to the button press corresponds to offset 5gave 3-K on all trials for Participant L.

have removed con gurations withs 2 f 6;79. To do sss The learned timing distribution for the Decide process

supervised training, we only use the con gurations with is shown in Table 9. The distribution is similar to the

the correct ordering of ReadSentence and ViewPicture. distribution of reaction times for this subject. For trials
The rst thing to note about Figure 9 is that allsds where the subject did not press the button, the program

HPMs show signi cant improvement over the naiwe tended to choose the last possible offset for the Decide

baseline method of predicting the mean training trialder process.

all test trials. While the differences between modelssar  We can also visualize the model by looking at the
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Offsel g7z each trial, we considered only the rst 32 images (16
0 lo2714 g74  seconds) of brain activity.
875 We model the activity in the brain using a Hidden
1 |0.0763 s7e  Process Model with two processes, ReadSentence and
2 10.1004 g7z ViewPicture. The start time of each process instance is
3 (0.1004 g7s assumed to be known in advance (i.e., the offset values
7 lo.0764 s79 foreach process af@g, so each process instance begins
sso exactly at the landmark corresponding to the relevant
5 10.125( ss1  stimulus). This is equivalent to HPM-GNB from the
6 10.003( gs2 previous section. We evaluated the performance of the
7 102474 ss3 models using the average log-likelihood over the held-
Table 9 ss4 OUt trials in a leave-two-out cross-validation approach,

Learned timing distribution for the Decide process for legrant L 885 Where each fold contains one example in which the
using HPM-3-K, for offsets from the second stimulus preagoh sss Sentence is presented rst, and one example in which
0-7 images (0-3.5 seconds). Thevalues are the parameters of the,  the picture is presented rst.
multinomial distribution over these offsets. sss  Our experiments compared three HPM models. The
learned process response signatures. Since a re3888n5(r95t model, which we consider a baseline, consists of
i . ' resgo a standard Hidden Process Model (StHPM) learned in-
signature contains parameters over space and time, one )
go1__dependently for each voxel (or equivalently, a standard

option is to average the parameters of each voxel gg\éerHPM with no parameter sharing). The second modelis a

time. This value with respect to the ReadSentence g)gro- Hidden Process Model where all voxels in an ROl share

icne'iis frglclnge% :?rzsi‘/?:vylg)i(c?tlu(rlg t?g;gg:ierﬁ::oﬁ?g%n their Hidden Process parameters (ShHPM). ShHPM is
9 : P 9 ' learned using Algorithm 2. The third model is a Hierar-

and for the Decide process in Figure 12. We can al%o ¢ . . :
: o : gee  chical Hidden Process Model (HieHPM) learned using
plot the time courses for individual voxels. For instance, Algorithm 3

. . 897,
the time course of the darkest red voxel from F|gure8§L82 The rst set of experiments, summarized in Table 10,

(in the top middle slice) is shown in Figure 13. seo compares the three models based on their performance
Learned Decide response signature for one vosel 900 in the calcarine sulcus of the visual cortex (CALC).
‘ ‘ ‘ ‘ ] 91 This is one of the ROIs actively involved in this cog-
/ 1 902 hitive task, containing 318 voxels for this participant.
f 1 903 The training set size was varied from 6 examples to all

904 40 examples, in increments of two. Sharing parameters
] 905 for groups of voxels proved bene cial, especially for
. Wﬁ ] 906 small training sets. As the training set size increased,
‘ ‘ ‘ ] 907 the performance of ShHPM degraded because the bias
Images (TR = 500 ms) 908 in the inaccurate assumption that all voxels in CALC
909 Share parameters was no longer outweighed by the cor-
Fig. 13. The time course of the darkest red voxel in Figurefa2.,,  responding reduction in the variance of the parameter
the Decide process in participant L under HPM-3-K. o11  estimates. However, we will see that in other ROIs, this
912 assumption holds and in those cases the gains in per-
913 formance may be quite large.
3.2.3. Improvement of data log-likelihood with Shared As expected, the hierarchical model HieHPM per-
HPMs 915 formed better than both StHPM and ShHPM because
In this section we report experiments on the samae it takes advantage of shared Hidden Process Model pa-
sentence-picture dataset using the methods in Seetionrameters while not making the restrictive assumption
2.4, which attempt to share, when appropriate, proeessof sharing across all voxels in a ROI. The largest dif-
parameters across neighboring voxels. Since the regultsference in performance between HieHPM and StHPM
reported in this section are intended to be only a preof is observed at 6 examples, in which case StHPM fails
of concept for incorporating sharing of HPM paramg- to learn a reasonable model while the highest differ-
ters across spatially contiguous voxels in HPM leatn- ence between HieHPM and ShHPM occurs at the maxi-
ing, they are limited to data from a single human pas- mum number of examples, presumably when the bias of
ticipant, consisting of 4698 voxels (participant D). For ShHPM is most harmful. As the number of training ex-

Signal Amplitude

L
] 5
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Fig. 10. The learned spatial-temporal response for the Se@eénce process in participant L under HPM-3-K, averagest tme. Red
corresponds to higher values, blue to lower values. Images@played in radiological convention (the left hemisighes on the right of
each slice). Anterior is higher, posterior is lower.

amplesincreases, both StHPM and HieHPM tend to ger- HieHPM over the baseline StHPM is the number of
form better and better and one can see that the marginalexamples needed by StHPM to achieve the same per-
improvement in performance obtained by the addiien formance as HieHPM. These results show that on
of two new examples tends to shrink as both models average, StHPM needs roughly 2.9 times the number
approach convergence. While with an in nite amoumt of examples needed by HieHPM in order to achieve
of data, one would expect both StHPM and HieHPMo the same level of performance in CALC.
converge to the true model, at 40 examples, HieH2M  The last column of Table 10 displays the number
still outperforms the baseline model StHPM by a diffeis  of clusters into which HieHPM partitioned CALC. At
ence of 106 in terms of average log-likelihood, whiglh small sample sizes HieHPM uses only one cluster of
is an improvement oé% in terms of data likelihood.sss voxels and improves performance by reducing the vari-
Perhaps the best measure of the improvementsof ance in the parameter estimates. However, as the train-

16



948
949
950
951
952
953
954
955
956
957
958

Fig. 11. The learned spatial-temporal response for the Rieture process in participant L under HPM-3-K, averageeraime. Red
corresponds to higher values, blue to lower values. Images@played in radiological convention (the left hemigghes on the right of
each slice). Anterior is higher, posterior is lower.

ing set size increases, HieHPM improves by ndissg which it makes sense to assume that all voxels share
more and more re ned partitions. This number of shas@d parameters. In fact, in most of these regions, HieHPM
voxel sets tends to stabilize around 60 clusters oncesthe nds only one cluster of voxels. ShHPM outperforms
number of examples reaches 30, which yields an aser-the baseline model StHPM in 18 out of 24 ROIs while
age of more than 5 voxels per cluster in this case.d&o0r HieHPM outperforms StHPM in 23 ROIs. One may ask
a training set of 40 examples, the largest cluster has41how StHPM can possibly outperform HieHPM on any
voxels while many clusters consist of only one voxeks ROI, since StHPM is a special case of HieHPM. The

The second set of experiments (see Table 11).ge- explanation is that the hierarchical approach is subject
scribes the performance of the three models for eachto local minima since it is a greedy process that does
of the 24 individual ROIls of the brain, and also when not look beyond the current potential split for a ner
trained over the entire brain. While ShHPM was biased grained partition. Fortunately, this problem is very rare
in CALC, we see here that there are several ROlszin in our experiments.
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Fig. 12. The learned spatial-temporal response for thed@eprocess in participant L under HPM-3-K, averaged oveetiRed corresponds
to higher values, blue to lower values. Images are displagechdiological convention (the left hemisphere is on thghtiof each slice).
Anterior is higher, posterior is lower.

Over the whole brain, HieHPM outperforms StHRM pictured in the same color. Note that there are several
by 1792 in terms of log-likelihood while ShHPM ouds2 very large clusters in this picture. This may be because
performs StHPM only by 464. ShHPM also makessa it makes sense to share voxel parameters at the level
restrictive sharing assumption and therefore HieH&®M of an entire ROI if the cognitive process does not acti-
emerges as the recommended approach. 985 vate voxels in this ROI. However, large clusters are also

As mentioned above, HieHPM automatically leasss found in areas like CALC, which we know is directly
clusters of voxels that share their process responsesig-nvolved in visual processing.
nature parameters. Figure 14 shows these learnedlus- In Figure 15 we present the learned ReadSentence
ters in slice ve of the eight slices. Neighboring voxels process for the voxels in slice ve of CALC. The graphs
that were assigned by HieHPM to the same clusterare corresponding to voxels that belong to the same cluster
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991
992
993
994
995
996
997

Trials [StHPM|ShHPM|HieHPM [Cells| ROl  |Voxelg StHPM |ShHPM|HieHPM (Cells|
6 |-30497| -24020| -24020| 1 CALC | 318 |-24024|-24182| -23918 | 59
8 |-26631| -23983| -23983| 1 LDLPFC| 440 |-32918|-32876| -32694 | 11
10 |-25548|-24018| -24018| 1 LFEF | 109 | -8346 | -8299 | -8281 | 6
12 |-25085| -24079| -24084 | 1 LIPL | 134 | -9889| -9820 | -9820 | 1
14 |-24817|-24172| -24081| 21 LIPS 236 |-17305|-17187| -17180| 8
16 |-24658|-24287| -24048 | 36 LIT 287 |-21545| -21387| -21387| 1
18 |-24554(-24329| -24061 | 37 LOPER | 169 |-12959|-12909| -12909 | 1
20 |-24474 -24359| -24073| 37 LPPREC| 153 |-11246|-11145| -11145| 1
22 |-24393| -24365| -24062 | 38 LSGA 6 441 | -441 | 441 | 1
24 |-24326| -24351| -24047 | 40 LSPL | 308 |-22637|-22735| -22516| 4
26 |-24268| -24337| -24032 | 44 LT 305 |-22365| -22547| -22408 | 18
28 |-24212| -24307| -24012 | 50 LTRIA | 113 | -8436 | -8385| -8385 | 1
30 |-24164| -24274| -23984 | 60 RDLPFC| 349 |-26390| -26401| -26272 | 40
32 |-24121] -24246| -23958 | 58 RFEF 68 | -5258 | -5223 | -5223 | 1
34 |-24097| -24237| -23952 | 61 RIPL 92 | -7311| -7315| -7296 | 11
36 |-24063| -24207| -23931| 59 RIPS 166 |-12559|-12543| -12522 | 20
38 |-24035| -24188| -23921 | 59 RIT 278 |-21707| -21720| -21619 | 42
40 |-24024| -24182| -23918 | 59 ROPER| 181 |-13661|-13584| -13584| 1
Table 10 N _ o RPPREQ 144 |-10623( 10558 -10560 | 1
The effect of training set size on the average log-likelth@bigher
numbers/lower absolute values are better) of the three imau¢he RSGA | 34 | -2658 | -2654 | -2654 | 1
B e ™" wse | 25 | apsra apsu] o 25
RT 284 |-21322| -21349| -21226 | 24
RTRIA 57 | -4230 | -4208 | -4208 | 1
SMA | 215 |-15830| -15788| -15757 | 10
Full Brain| 4698 |-352234-35177Q -350441| 299

Table 11
Performance of the three models over whole brain and in akver
ROIs when learned using all 40 examples

998 Voxel is estimated independently.

999 3.2.4. SPM analysis

1000 For comparison, we provide an SPM analysis of the

1001 Sentence-picture dataset. To detect activation in each of

1002 the conditions the data for each participant were tto a

Fig. 14. Clusters learned by HieHPM in slice 5 of the brairt %3 genergllllnear model using SPM2 softwahgtg:/

1004 Www.fil.ion.ucl.ac.uk/spm/spm2.html ).
have the same color as in Figure 14. For readabilityptwe The data were rst corrected for slice acquisition tim-
only plot the base processes, disregarding the leassseding using sinc-interpolation, and then modeled using
scaling constants which specify the amplitude ofitbe regressors for each stimulus condition and run consist-
response in each voxel within a given cluster. Theota- ing of a box-car representing the onset and duration of
creased smoothness of these learned time coursessugeach stimulus presentation convolved with the canon-
gest that the discontinuities from gure 13 may be pas- ical double-gamma HRF model available in SPM2.
tially due to the sparsity of data that occurs when each Additional covariates implemented a high-pass lter
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1047 combined based on the timing of the process instances
1048 to predict fMRI data. Figures 16 and 17 show activity
1049 Maps for responses to the sentence and picture stimuli
100 for participant L. These maps show the voxels whose
101 data are signi cantly correlated with each type of stim-
1052 Uli. The differences among these gures re ect the dif-
1053 ferent objectives of the methods that produced them.

1054 4. Discussion

1055 In this paper, we have presented Hidden Process
1056 Models, a generative model for fMRI data based on
1057 a set of assumed mental processes. We have given
Fig. 15. Learned ReadSentence process for all voxels i §lioft058 the formalism for the model, algorithms to infer char-
the Visual Cortex 1059 acteristics of the processes underlying a dataset, and
1060 algorithms for estimating the parameters of the model
(cutoff at 128 s) and serial correlations in the i@~ from data under various levels of uncertainty. Addition-
rors were modeled with an AR(1) process. No spatial ally, we presented a preliminary approach to improve
smoothing, resampling, or 3D motion correction ofilae HPMs by taking advantage of the assumption that
data were employed in SPM2, for the sake of congis- some neighboring voxels share parameters, including
tency with the real and synthetic data that were usedsin an algorithm to automatically discover sets of spatially
the Hidden Process Models. Parameter estimatessanccontiguous voxels whose HPM parameters can be
their contrasts were evaluated on a voxel-wise hasis shared. We presented experimental results on synthetic
for statistcal signi cance by t-tests, at a thresholdo@f data demonstrating that our algorithms can estimate
p < 0:05, corrected for multiple comparisons using HPM parameters, classify new data, and identify the
Gaussian random eld theory. The activation mapifar number of processes underlying the data. We explored
Participant L for the sentence stimuli (minus xatiasy a real sentence-picture veri cation dataset using HPMs
is shown in Figure 16 and the corresponding mapofer to demonstrate that HPMs can be used to compare
the picture stimuli is in Figure 17. 1073 different cognitive models, and to show that sharing
Consistent with previous imaging studies of sentenee- parameters can improve our results.
picture veri cation (Carpenter et al. (1999); Reichlaoat HPMs facilitate the comparison of multiple theories
al. (2000)), this participant showed activation reliably of the cognitive processing underlying an fMRI experi-
related to sentence presentation in left parietal castex ment. Each theory can be speci ed as an HPM: a set of
(Fig. 16, slices 1-4), consistent with the requiremenito processes, each with a timing distribution and response
process the visuo-spatial content of the sentencesy assignature parameters, and a set of con gurations, each
well as in a network of reading-related areas includinig specifying a possible instantiation of the processes that
occipital cortex (slices 5-8), left temporal cortex (Wes: may explain a window of data. The parameters of the
nicke's area, slices 5-7), and left inferior frontal gyrass processes may be learned from an fMRI dataset. The
(Broca's area, slices 7-8). Activation reliably relatedote models may then be compared in terms of their data
picture presentation was found in the same areassoflog-likelihood on a separate test set, or using cross-
left parietal cortex in this participant (Fig. 17, slicesdds validation.
4), but there was less evidence of activation in thedeft ~ Another contribution of Hidden Process Models is
occipital-temporal-frontal reading network for this casr the ability to estimate the spatial-temporal response to
dition. 1088 events whose timing is uncertain. While the responses
Note the differences among the gures we have pee- for simple processes that are closely tied to known
sented in Section 3. Figures 10, 11, and 12 show thega-stimulus timings can be reasonably estimated with the
rameters of the process response signatures of theidfire€&eneral Linear Model (Dale & Buckner (1997)) (like
processes in HPM-3-K averaged over time for pariiei- ViewPicture and ReadSentence), HPMs allow processes
pant L. Figures 14 and 15 show the clustering and timae whose onset is uncertain (like Decide). Note that this
courses of the process response signatures learneek fois not equivalent to letting the GLM search for the De-
participant D under HPM-GNB. These signatures:@se cide process by running it once for each start time in
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Fig. 16. The SPM activation map for Participant L for the sect stimuli minus xation. Images are displayed in radgial convention
(the left hemisphere is on the right of each slice).

the window. HPMs allow the start time to vary accates tence and picture stimuli with a canonical hemodynamic
ing to a probability distribution; this means that the stast response, evaluating the correlation of the timecourse of
time can change from trial to trial within the experimant each voxel with that convolved signal, and thresholding
to help model trials with varying dif culty or strategyi: the correlations at an appropriate level. This analysis
differences for example. In practice, we have obsemied would support claims about which regions were acti-
that HPMs do indeed assign different onsets to praeessvated for each type of stimulus (e.g. region R is more
instances in different trials. 114 active under condition S than condition P). Itis not clear
In the interest of comparison and placing HPMs iniiee how an SPM analysis would treat any of the cognitive
eld, let us highlight three major differences betwaea processes presented above with uncertain timings. The
analysis with HPMs and analysis with SPM (Fristan rst major difference between this SPM approach and
(2003)). A conventional analysis of the sentence-pictwre HPM analysis is that HPMs estimate a hemodynamic
data using SPM convolves the timecourse of the sen- response instead of assuming a canonical form. Sec-
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Fig. 17. The SPM activation map for Participant L for the piet stimuli minus xation. Images are displayed in radidgt@y convention (the
left hemisphere is on the right of each slice).

ondly, HPMs allow unknown timing for cognitive pras. HPMs are an exploratory tool, one must be careful
cesses, and estimate parameters of a probability disiri-not to jump to conclusions about the processes learned
bution describing the timing. Finally, the key claim that from them. In this paper, we have hamed a humber of
HPMs attempt to make is fundamentally different fraga processes (ViewPicture, Decide, etc.). These hames are
that of SPM. HPMs provide evidence for claims aheudt only for convenience. Processes are de ned by their off-
competing models of the mental processes underlying set values, the probability distribution over the offset
the observed sequence of fMRI activity (e.g. modekdel values, and their response signatures. Furthermore, the
outperforms model N). We believe that HPMs and SPM parameters learned also depend on the con gurations
can be complementary approaches for fMRI data anal- used for the training data. The set of con gurations as-
ysis. 1141 sociated with an HPM re ects the prior knowledge and
Based on our experience, we can provide a few pieeesassumptions built into the learning algorithm; this set is
of advice to those interested in using HPMs. First, singe part of the bias of the model. Changing the set of con g-
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urations could resultin learning different parametersifer experiment TR, and potentially relax the assumption of
each process. The response signature for each piaeesxed-duration responses. We are also looking into ways
should be carefully examined to determine whetherithe to relax the linearity assumption present in the current
name it was given for convenience is a good descripter. version of HPMs so that models can reasonably incor-
A second suggestion for researchers interested in@ap-porate more overlapping processes. We would of course
plying HPMs to fMRI data regards the benet of den like to explore ways of combining data from multiple
signing experiments with HPMs in mind. HPMs pes: participants, and nally, we hope to relax the simplify-
form best if the arrangement of process instancessin ing assumptions of the parameter sharing approach to
the data renders the processes identi able by isolatsag accommodate uncertainty in the onset times of the pro-
and/or varying the overlap between processes. Fap®x-cesses.
ample, two processes that are always instantiated si-
multaneously cannot be uniquely separated, so this gases Acknowledgements
should be avoided in the experiment design. Experiment
designs that provide natural choices for landmarks like
stimulus presentation times and behavioral data aréalso
helpful for limiting the window of possible start times.
for processes. For example, without recording parlﬁ%gl-
pants' reaction times in the picture and sentence data,
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