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Abstract

We present a new method for modeling fMRI time series datkedaHtidden 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 beyoedetlearlier models by allowing for processes whose timing
may be unknown, and that might not be directly tied to spedifimuli. 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 foluatig and selecting among competing models that assuiffeeedfit
numbers and types of underlying mental processes. We dedtre HPM framework and its learning and inference algorith

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

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

are not fully known.
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1. Introduction 7 window of time (e.g. a hemodynamic response func-
s 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 te (€.9., @ 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-times, HPMs allow the study of processes whose on-
rameters that define both the spatial-temporal signatdreSet 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
* Comresondi 6 processes defines the mean of a Gaussian probability
orresponding author e .
Email addresst ah@s. cnu. edu (Rebecca A. Hutchinson). 17 distribution over observed fMRI data. We present both
URL: htt p: / / wwv. cs. cu. edu/ ~r ah (Rebecca A. 18 a learning algorithm to train HPMs from fMRI data,
lHutchinSOH)- _ _ 19 and an inference algorithm that applies an HPM to in-
Supported by funding from Siemens, NSF grants CCR-00859%¢, tar the probable identities and start times of processes

CCR-0122581, Darpa grant HR0011-04-1-0041, and a gramh fro . L
WM. Keck Foundat'i)on.g g 21 to explain additional observed data. The HPM learn-
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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 opporti- 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 chronometry. 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 fixed
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 field of mental chronometry is concerned with throughoutthe 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 faas performing independent statistical tests for each voxel.
relied on behavioral data such as measured reagtionin fact, it has been shown that some mental states can-
times, but studies have shown that functional MRI e&@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. 1 by SPM, but still potentially useful.

The use of classification techniques from the fieldof  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
Classifiers have been used to predict group membetshipreviews 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 classification, but in a more general setting. is more useful when the region of interest is highly se-
Whereas the above classification methods assumeadhatective for the cognitive process in question. This paper
the mental processes being classified do not overlaginspeaks 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 gan 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 t& these volumes varied across participants and depended

study cognitive processes whose onset times arerwn-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

classification 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 first present real and synthetic datasets to whigh Processes. Itis Unlik9|y 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 describetthe 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 verification 17 lowing Boynton et al. (1996)) with parameteis, 7, n}
We applied HPMs to an fMRI dataset collected While ¢ the form

participants viewed and compared pictures and sen-
tences. In this dataset, 13 normal participants were pre- (L)yrleap(=t)
sented with a sequence of 40 trials (Keller et al. (2001)). h(t) = ax 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 first 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 flip angle. This sequence allowed us to acquite 8 The parameters for the gamma functions were
oblique axial slices every 500 ms, with an in-plane res- {8.22,1.08,3} for ViewPicture, {8,2.1,2} for Read-
olution of 3.125 millimeters and slice thickness of 3022 Sentence, and{7.5,1.3,3}. The processes’ gamma
mm, resulting in approximately 5000 voxels per partie- 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 fewsr- offset values of{0, 1}, 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 tbeqases
in the synthetic data.
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responding stimuli. The Decide process had offset »al- three-process dataset. In both cases, the first trial is a
ues 0f{0,1,2,3,4,5}, 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.

»0. Synthetic 2—process data 26 2.2. HPM formalism

- - -Noise—free
— Standard deviation = 2.5

237 A Hidden Process Model is a description of a proba-
238 bility distribution over an fMRI time series, represented
239 in terms of a set of processes, and a specification of
240 their instantiations. HPMs assume the observed time
‘ ‘ ‘ ‘ ‘ ‘ 221 series data is generated by a collection of hidden pro-
200 M e eondgy 10 0 22 cess instances. Each process instance is active during
243 some time interval, and influences the observed data
Fig. 2. Two-process synthetic data: a single voxel timesedor two 54, only during this interval. Process instances inherit prop-
trials, with and without noise_. The first trial is a picturelléaved 25 erties from general process descriptions. The timing of
by a sentence; the second trial is the reverse. . T
246 process instances depends on timing parameters of the
247 general process it instantiates, plus a fixed timing land-
0. Synthetic 3-process data 228 mark derived from input stimuli. If multiple process in-
249 stances are simultaneously active at any point in time,
250 then their contributions sum linearly to determine their
251 joint influence 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-
256 specified and fixed 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 first trial is a pictuollowed 553 crete and tied to specific 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 first chose which stimulus would come tigst which we are given observed da¥g a7 x V matrix
(picture or sentence). We required that there be an egualconsisting ofi” time series, each of lengih For exam-
number of picture-first and sentence-first trials. Whessa ple, these may be the time series of fMRI activation at
picture stimulus occurred, we randomly selected an®tf- V' different voxels in the brain. The observed datas
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 defining processes:
thetic data beginning at that start time. Sentences wereDefinition 1. A processr is a tuple(W,0,Q,d). d is
dealt with similarly, where overlapping HRFs summed a scalar called the duration of, which specifies the
linearly. Finally, we added Gaussian noise with meam:0 length of the interval during which is active. W is a
and standard deviation 2.5 to every voxel at every time d x V matrix called the response signhaturemfwhich
point. The three-process dataset was generated simi-specifies the influence ofon 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 addegstories. © is a vector of parameters that defines 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 af and which takes on
for two trials from the two-process dataset (with and values from a set of integefs. The set of all processes
without noise), and Figure 3 shows the same for #he is denoted byl.

Signal amplitude

-10
0

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

Signal amplitude

-10
0
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Process 2: ViewPicture
Response signature W:
vi P
v2
Duration d: 11 sec.

Offsets Q: {0,1}
P(Q): {60,6,}

picture

sentence Process instance i,

Process ID ©: 1
Landmark: A,

l Offset 0: 1 sec

Process 1: ReadSentence
Processes of | Response signature W:
the HPM: vi ‘7%
V2

Duration d: 11 sec.

Offsets Q: {0,1}

P(Q): {6,,0,}
Input sentence
stimuli: ] picture

Mo

One
configuration ¢ JVJ%Q
of process : §
instances ‘

\7%

{igsip, ig,ig }:

Predlcted mean:

Fig. 4. Example HPM for synthetic 2-process, 2-voxel datactEprocess has a duratiah possible offset€2 and their probabilitieD, and
a response signatuid’ over time (on the horizontal axis) and space (voxglsand v2). They are instantiated 4 times in the configuration
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 responsaigigm are contrived rather than realistic in order to méearly show linearity.)

The set of values i) is defined by the designer afs
the HPM, and the length @ is the same as the chosen
length of Q. As we will see below, the parametes sor
can be learned from data. 308

We will use the notatiof)(7) to refer to the paramsos
eter () for a particular process. More generally, wesio
adopt the convention that(z) refers to the parameter:
f affiliated with entityz.

312

given byd(r), and the response signature W ().

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 verification task may
be the times at which stimuli are presentddpecifies
roughly when the process instance will begin, subject
to some variability depending on its offs@t which in

Each process represents a general procedure whichturn depends on its process idendity More specifi-

may be instantiated multiple times over the time se-
ries. For example, in the sentence-picture fMRI study

cally, the process starts at= X\ + O, whereO is a
random variable whose distribution is a property of the

described above, we can hypothesize general cognitiveprocessr. In contrast, the particular value @ is a
processes such as ReadSentence, ViewPicture, angdDeproperty of the instance. That is, while there may be

cide, each of which is instantiated once for each tral.
The instantiation of a process at a particular timeuis
called aprocess instancalefined as follows: 320
Definition 2. A process instanceis a tuple(rw, A, O), sz1
where 7 identifies aprocessas defined above) is a 322
known scalar called a timing landmark that refers taa
particular point in the time series, an@ is an integerszs
random variable called the offset, which takes on valies
in Q(7). The time at which process instantcéeginsszs
is defined to be\ + O. The multinomial distributiors2z
governingO is defined byo(r). The duration ofi is s2s

5

slight variation in the offset times of ReadSentence in-
stances, we assume that in general the amount of time
between a sentence stimulus (the landmark) and the be-
ginning of the ReadSentence cognitive process follows
the same distribution for each instance of the ReadSen-
tence process.

We consider process instances that may generate the
data in ordered sets, rather than as individual entities.
This allows us to use knowledge of the experiment de-
sign to constrain the model. We refer to each possible
set of process instances asanfiguration



329
330
331
332
333
334
335
336
337

338
339
340

341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373

Definition 3. A configurationc of length L is a set ofs7a
process instance§i; ...ir}, in which all parametersrs
for all instances {\, w, O}) are fully-specified. 376
In HPMs, the latent random variable of interest issan
indicator variable defining which of the set of configus
rations is correct. Given a configuratior= {iy ...i} 379
the probability distribution over each observed data
point v, in the observed datd” is defined by thes:
Normal distribution: 382
383
Yew ~ N (pto(c), 05) (1) 384
where 02 is the variance characterizing the tinses
independent, voxel-dependent noise distribution asserci-
ated with thev*” time series, and where

d(m (i)
pn(@) = 3" S S(MQ) + O(0) = 1~ 7) wr (i)

icc 1=0 387

2)
Hered(-) is an indicator function whose value is 1Z§§
its argument is true, and 0 otherwise,, (x (7)) is the 200
element of the response signatWW¥é associated with
processr (i), for data series, and for ther*” time step
in the interval during whichi is instantiated.
Equation (2) says that the mean of the Normal distri-
bution governing observed data poipt is the sum of

a smaller number of possibilities. These configurations
facilitate the incorporation of prior knowledge about the
experiment design like timing constraints as mentioned
above. For example, if stimulus A was presenteti-at
5 then there is no need to consider configurations that
allow the cognitive process associated with this stimu-
lus to begin at = 4. This knowledge is contained {©i
if none of the configurations 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 configuration in several settings.

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

P(Y|HPM) =

> P(Y|HPM,C = c)P(C = c|HPM)
ceC
whereC is the set of candidate configurations associ-
ated with theHPM, andC is a random variable defined
overC. Notice the termP(Y|HPM, C = ¢) is defined
by equations (1) and (2) above. The second term is

3)

P(C = c|HPM) =
P(m(c) HPM) [T, c. P(O() |7 (i), HPM)
Yeec P(r(c)[HPM) [T, e, P(O()|7 (i), HPM)

(4)

single contributions from each process instance whese where P(7(c)|HPM) is a uniform distribution

interval of activation includes time In particular, thesq,
d(-) expression is non-zero only when the start tigae
(A(@) + O(4)) of process instanceé is exactly T time zo4
steps before, in which case we add the element of
the response signatuM (n (7)) at the appropriate dews
lay (7) to the mean at time. 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 define Hidden Process Models:
Definition 4. A Hidden Process ModdHPM, is a tuple
(I,C, (02 ... 02)), wherell is a set of processe€,is a *
set of candidate configurations, and is the variance >
characterizing the noise in theé" time series ofY. o

Note that the set of configuratiotsis defined as par‘f05
of the HPM and that it is fixed in advance. Each conflfﬁ-
uration is an assignment of timings and process t)fpes
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 influence 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)|m(i), HPM) is the multinomial distribution
defined byo((1)).

Thus, the generative model for &M involves first
choosing a configuration € C, using the distribution
given by equation (4), then generating values for each
time series point using the configuratiorof process
instances and the distribution fét(Y|HPM,C = ¢)
given by equations (1) and (2).

2.3. HPM algorithms

2.3.1. Inference: classifying configurations and
process instance identities and offsets

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

P(C =Y,HPM) =
P(Y|C = ¢,HPM)P(C = ¢|HPM)
Zc,ec P(Y|C = ¢,HPM)P(C = ¢'|HPM)
where the terms in this expression can be obtained
using equations (1), (2), and (4).

®)
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Given the posterior probabilities over the configwa- can be ill posed if the training data does not exhibit suf-
tions P(C' = ¢|Y,HPM), we can easily compute thes ficient 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 configa- 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 instagee: involves such singularities, we use the Moore-Penrose

in a particular trial has identity A by: a2 pseudoinverse to solve the regression problem.
P(n(iz) = A) = (6) : .
. 463 2.3.4. Learning from partially observed data
> " 8((r(iz) = A)|e)P(C = ¢[Y,HPM) s4  In the more general case, the configuration of pro-
ceC 465 Cess instances may not be fully observed, and we face

Note that other marginal probabilities can be obtaipgd a problem of learning from incomplete data. Here we
similarly from the posterior distribution, such as the consider the general case in which we have a set of
probabilities of particular offsets for each process - candidate configurations in the model and we do not
stance, or the joint probability of two process instanggs know which one is correct. The configurations can have

having a particular pair of identities. a0 different numbers of process instances, and differing
471 process instance identities and timings. If we have no
2.3.2. Learning: estimating model parameters 472 knowledge at all, we can list all possible combinations

The learning problem in HPMs is: given an observed Of process instances. If we do have some knowledge, it
data sequenc¥ and a set of candidate configuratioas, can be incorporated into the set of configurations. For
we wish to learn maximum likelihood estimates of the example, in the sentence-picture brain imaging experi-
HPM parameters. The s&tof parameters to be learnggs  ment, if we assume there are three cognitive processes,
include®(7) and W () for each process € II, and477 ReadSentence, ViewPicture, and Decide, then while it

o2 for each time series. 478 is reasonable to assume known offset times for Read-
a9 Sentence and ViewPicture, we must treat the offset time
2.3.3. Learning from fully observed data ago  for Decide as unobserved. Therefore, we can set all of

First consider the case in which the configuratiorf®f the configurations to have the correct identities and tim-

process instances is fully observed in advance (i.e*4all ings for the first two process instances, and the correct

process instances, including their offset times and fifo- [dentity and unknown timing for the third.
cess IDs, are known, so there is only one configéita- In this case, we use an Expectation-Maximization

tion in the HPM). For example, in our sentence-picttife @/gorithm (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 Vigw-©n the following@ function.

Picture, and that a ReadSentence process instance be-
gins at exactly the time when the sentence is presented Q(W, wold) = Ec|y, woa[P(Y,C|¥)] (7

to the participant, and ViewPicture begins exactly when . . . .
the picture is presented. 488 The EM algorithm, which we will call Algorithm 1,

In such fully observable settings the problem of leaii- finds parameter® that locally maximize the) func-
ing ©(r) reduces to a simple maximum likelihood €& tion by iterating the following steps until convergence.

timate of multinomial parameters from observed d4ta. Algorithm 1 is shown in Table 1.

The problem of learning the response signatiAegr) The update tV is the solution to a weighted least
is more complex, because tN€ () terms from multi- squares problem minimizing the objective function

ple process instances jointly influence the observed data

V. T old
at each time point (see equation (2)). SolvingWi(r) Z Z Z _ P(C =Y, ¥7") (Yoo — /m(C))Q
reduces to solving a multiple linear regression problem ;= =7 .=¢ 2073
to find a least squares solution, after which it is easy to (8)

find the maximum likelihood solution for the?. Our wherep, (¢) is defined in terms ofi” as given in equa-
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 changeGnfrom
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
configurations of process instances. The solution to this is
given by Equation (5).

M step: Use the distribution over configurations from the E
step to obtain new parameter estimates W, o2V, 5%
and 0. .V, Vo that maximize the expected log-likelihood o 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 configuration ceps
instances is unknown.

Y & P(C = c[Y, ¥ol)
D) PP PRAELL

v=1 t=1 ceC

(ytv — Htv (C))2 +r
9)

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

the model is:

(W, 4,0)= 2TV Nvigge) - (s)
L
ﬁl (W, A)
where
I'(W,A) = Z (ype — Z aW—n(iy)”  (16)
n,t,v 7

)

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 {7 }. Start with
(W,fl) an initial random guess, then repeat Steps 1 and 2 yntil
they converge to the minimum of the functiét(W, A).

STEP 1: Write I/(W, A) = |[UW — Y||2 whereU is aNTV
by Kd matrix depending on the current estimateof the scalingy
constants. Minimize with respect i/ using ordinary Least
Squares to get a new estimate= (U7 U)~1UTY.

STEP 2: Minimize I’ with respect toA same as in Step 1.

STEP 3: Once convergence is reached by repeating the abo
1/ (W,A)
NVT

(0]

two steps, lets2 =
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.

That is: 535

Yy

mellv=1 7=1

m)—1 536

(wv,'r-&-l(ﬂ) - wv,T(T"))2+ (10)

537
538
539

! v d(ﬂ') 540
. 2
S5 S AGH Y (win ) — w2
m€ll i=1 j=i+1 =1

whereA is a binaryV x V adjacency matrixA (i, j) is Zii

1if and only if voxeli is adjacent to voxe], where we,_,,
consider a voxel adjacent to the 26 surrounding voxgjg).
The updates to the remaining parameters are gg'yGe

by' 547

548

9 1 T 9 549

Oy & T Z EC|Y,\D°1d[(ytv — o (0))7] (11) 550
t=1

551

(12) s52

553

97‘&',0:0 —
>cecice 0(m(i) =7 A O(i) = o)p(c)
Ycecice,oen(x(iy 0(m(@) = m A O(i) = o')p(c)
wherep(c) is shorthand fo?(C' = c|Y, ¥°!d),

It is easy to see that the functidhdoes not depend
on the variances? and it is a sum of squares, where
the quantity inside each square is a linear function in
bothWW and A. 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 difficult 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 modification 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 seo  Signatures from training data using Algorithm 1, that
570 we can correctly classify which of a set of configura-
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-
577 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 experimentspie 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 fdidg £}, ss3  log-likelihood of the data under the model. To compute
where\ denotes set minus) is lower than the cross-validation|ss4 the log-likelihood, we use the log of Equation 3 with
sss @ slight modification. Equation 3 takes an average of
sss the data likelihood under each configuration, weighted
ss7 by the probability of that configuration. To compute
Otherwise remove the initial subset from the partition aeplace|sgs the likelihood of the configuration, we use Equations
it with its subsets which then mark &ot Final. ss9 1 and 2. Since different configurations can be active
oo for windows of time with different lengths, we replace
o _ so1  inactive timepoints inug, (¢) with the mean over all
on the data points irf” \ Fy, learn a Hidden Process Model thal a5 of the training data for timepoiritand voxelv,
is shared for all voxels inside each subset of the partifidgse |93 replacing zeros in the predicted mean where no process
this model to compute the log score for the examples/trialg)i.| 594 instances were active. This process helps to minimize
gs the advantage of longer configurations over shorter ones
_ _ B so6 IN terms of data log-likelihood. These log-likelihood
F. To come up with one single model, compute a partition 45451;; 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 inta folds F' = Fy, ..., Fy.
STEP 2: For all 1 < k < n, keep fold F}, 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 e from

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

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

STEP 5: Given the partition computed by Step 3 and 4, base

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. so0 3.1. Synthetic data

Table 3
Algorithm 3 performs nested cross-validation to partitibve brain i . i
into clusters of voxels that share their process resporgreassire®0t 3.1.1. Estimation of the hemodynamic responses

parameters and simultaneously estimate those parameters. 602 To test whether HPMs can accurately recover the

q lit is placed | he final . eosd true process response signatures underlying the data, we
attempted to split is placed into the final partition, ang compared the learned response signatures to the true re-

the algorithm iterates over the other subsets. The final sponses in the two and three-process synthetic datasets.

. . 0!
partition is used to compute a score for the current fz%id These datasets each had only 2 voxels (the small num-

of the training set, and then the process is repeated fory o ot yoxels was chosen to easily show the learned
the other folds. Finally, a model unifying all the foI%ios8
can be computed, whose performance can be estimate

from the cross-validation. (See Table 3 for details.)610

esponses, even though the learning problem is easier
‘ivith more informative voxels). In each case, we trained
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 synthatic in each trial were provided to the learning algorithm via
data and fMRI data from the sentence-picture vesifi- the configurations, 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

[y
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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 delayske- followed by ReadSentence. Based on our knowledge of
tween the stimulus presentation and the beginningrof the experiment design, the first 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 irninstances 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 configuration 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 etae 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 theses-cesses to fit noise in the data more closely. We do ex-
timated standard deviations for the voxels are 2.4816 pect to fit 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 fitting noise in
The identifiability of the model from the data is a sigz the training data (which we would not expect to help fit
nificant factor in estimating the HRFs of the processes. the test data) or whether the extra process contain ac-
A system is identifiable if there is a unique set of param- tual signal that helps fit the test data. In fact, there can
eters that optimally reconstruct the data. For instasge, 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. Howevesgdf configurations. As we show below, the impact of this
two processes are fully-overlapping every time they@e- bias in our synthetic data experiments does not prevent
cur in the data, there are an infinite number of respease 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 identifiable, wheeeas 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
e99 processes each. Additionally, we generated test sets of
3.1.2. Classification of configurations 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 configurations in a mew 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 setlog-likelihoods are shown in Table 4, along with fur-
The uncertainty in the process configurations in the ther repetitions of this experiment with decreasing train-
training set again reflected the real data. That is, the fato- ing set sizes. As expected, we see increased variability
cess identities were provided in the configurations7ier 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 first two stimuli. Therefore, the third process was  When using real data instead of synthetic data, we
known to be Decide, but the first 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 first trial (the left half of the timeries) is a picture
followed by a sentence; the second trial is the reverse.

20 Voxel 1
L
°
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 respogsatgres in the two-process data for two voxels. The meaared 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

% 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 first trial (the left half of the timeries) 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| & =
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-20
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20 40
Images (TR=500msec)

Fig. 8. Comparison of the learned vs. true process respageatsres in the synthetic two-process data for two voxX€le 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 inta 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 overfitting

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 —7.724+0.0715
40 3 —7.474+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 4+ 0.00364
10 2 —1.44+0.245 || —2.07£0.0653 || —1.96 £ 0.0665
10 3 —1.99£0.119 || —1.474+0.0231 || —1.47 & 0.00654
10 4 —1.95 4+ 0.0872 —1.494+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 || —4.6240.0383
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 18) 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 arex10°.

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 755 With 3 processes (ReadSentence, ViewPicture, and De-
In th|s Section' we create Severa| HPMs for ﬂﬁ@ Cide) W|th knOWn t|m|ng fOI’ ReadSentence a.nd VieW'

sentence-picture fMRI data and evaluate them in tefinhs Picture (HPM-3-K). Note that all of the models used
of the log-likelihood of the data under each mod&s. all available voxels for each participant. More details of
This evaluation is done in the context of 5-fold cro&s- €ach model are explained below.
validation, meaning that the 40 trials are split intgés ~ The HPM-GNB model approximates a Gaussian
folds of 8 trials each. Each fold is held out in turn a&s 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 regg ViewPicture. The duration of each process is 8 seconds
ularization, with weighty = 20. Since log-likelihoodres (16 images) so that they may not overlap. HPM-GNB
does not have concrete units, we compare the scofe oflas a variance for each voxel, and incorporates the
each model to the log-likelihood score achieved by #ie 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 ovef a except 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-
baseline is computed by predicting the mean of the tréih- Sentence and ViewPicture, each of which has a dura-

750
751
752
3.2. Real data

753
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 + 1011

15960 + 1790

7380 + 2439

12860 + 4039

14080 + 1794

15460 + 2542

7500 + 1329

12140 £ 1276

13700 £ 943

15720 + 1264

10360 + 1408

14340 + 1941

17140 + 1236

17560 + 1484

10100 =+ 4909

16180 + 3671

17400 + 4064

18040 + 4060

8180 £ 1886

12160 + 680

14680 + 942

14940 £+ 1358

5740 + 1820

I|G|M{mMm OO |®

14120 + 1281

14860 + 811

16160 £+ 1699

7360 + 4634

11460 + 2201

13080 £+ 2572

14260 + 2384

10420 + 2046

12140 + 2509

12840 £+ 1301

14420 £+ 3391

7960 + 2907

14080 + 2983

14620 £ 2190

17120 £+ 2410

8800 + 3044

17820 + 2716

20200 £ 1580

19980 + 2494

13700 + 3519

S |r | X|a

12940 + 1205

12680 £+ 1796

14560 + 1236

9240 + 1677

Table 5

Improvement of test-set log-likelihood for 4 models oveedicting the average training trial computed using 5-faldss validation for 13
plus or minus 1 stardiavidtion of the model log-likelihood minus the naive methog-likelihood

subjects. Each cell reports the mean
over the 5 folds.

HPM LL - Baseline LL averaged over 5 folds.

25000

20000

15000

10000

5000

Improvement of 4 HPMs over Naive Method Log-Likelihood
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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-
namic response function). The 'K’ stands for '’known,’
meaning that the timing of these two processes is as-
sumed to be known. More specifically, it is assumed 2P| 1]0|S|17]0
that each process starts exactly when its correspondingable 6 _ o _
stimulus is presented. In other wor@s= {0} for both Conflguratlons for_ a test set tr'lal_ under HPM-2-K. is thg first
. . . . process instance in the trial, ang is the second process instance.
processes. For a given test set trial, the configurations ;) * ;). and O(i) are the process ID, landmark, and offset,
for HPM-2-K are shown in Table 6. The configurations respectively, for process instanéeFor supervised training, there is
for a training set trial are restricted to those containing only one configuration 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-

lranprafoefria]ranloa)
1| S 1 0 P 17 0
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cesses. In HPM-2-U, th@ for each process i0, 1}, ‘c Hw(il)‘x(il)‘o(il)‘w(ig)‘,\(z‘g)‘O(ig)‘w(ig)‘,\(z‘g)‘oug)‘
which translates to delays of 0 or 0.5 seconds (0O or 1 im-

; . . 1/l s| 1| 0| P|17| 0| D |27| 0O
ages) following the relevant stimulus presentation. The
configurations for the test set in this case are in Table |2 S| 1| 0 | P |17 O | D | 17] 1
7. Again, during supervised training, the configurations |3|| s | 1 | o | P |27 o | D | 17| 2
for a given training trial are I|m|tgd to those that have Al sl 21l olpliz]l o lb|17] 3
the correct process ordering. Since the true offset for
5l s| 1| 0| P |27| 0| D]|17]| 4
the processes are unknown even during training, there
are still 4 configurations for each training trial. 6l s|1|o0o|P|17| 0| D|17| 5
7P| 12| 0| S|1| 0 |D|27| O
[ranpinlotnlraapialots) sl P10 s || o0
ys|prjo ) P17 o ol Pl 1| 0| s |17| 0 |D|17]| 2
ys|prj1 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
2l Pl 1] 0| S|17| 0 Table 8
Configurations for a test set trial under HPM-3-K. The reactime
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 configurations with offsets gredtan © 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 significant, the cross-

Configurations for a test set trial using HPM-2-U. For supad ., g hiact 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 deling th |
will be only four configurations for each training trial. 825  10rms j » 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'tagfaous. HPM-2-U generally
models, also with a duration of 12 seconds. The Degigle PErforms even better, indicating that it can be helpful
process haQ = {0,1,2,3,4, 5,6, 7}, allowing the pro-£2° to allow some uncertainty as to the onset of the process
cess to start with a delay of 0 to 3.5 seconds from#He Instances. Interestingly, HPM-3-K shows the least im-
second stimulus presentation. For these HPMs, westanProvement 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 muste- Experiment. 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 confi§ii- SiPe 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 configurations for whigh > 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 configurations 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 configuratiansvalidation. 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 configurations withh € {6,7}. To dosss The learned timing distribution for the Decide process

supervised training, we only use the configurations 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 first thing to note about Figure 9 is that alks4 where the subject did not press the button, the program

HPMs show significant improvement over the naive tended to choose the last possible offset for the Decide

baseline method of predicting the mean training trialdéer process.

all test trials. While the differences between modelssar  We can also visualize the model by looking at the
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Offsef © g7z each trial, we considered only the first 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 s7o foreach process af®}, 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 ssa OuUt 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 preagom sss Sentence is presented first, and one example in which
0-7 images (0-3.5 seconds). TEevalues are the parameters of the, the picture is presented first.
multinomial distribution over these offsets. s Our experiments compared three HPM models. The
learned process response signatures. Since a ressBSnJgSt model, which we consider a baseline, consists of
. . X 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 gro- Hidden Process Model where all voxels in an ROl share

icne'iis frgklnge% :?rr]:?/(i::vxyg)i(;lu(rlg t?gégssxier: sFiIOS?:%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 : geg 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 first set of experiments, summarized in Table 10,

(in the top middle slice) is shown in Figure 13. se9 compares the three models based on their performance
Learned Decide response signature for one voxel 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 beneficial, 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 Figurefd2.,,  responding reduction in the variance of the parameter
the Decide process in participant L under HPM-3-K. 11 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, proesssof sharing across all voxels in a ROI. The largest dif-
parameters across neighboring voxels. Since the regudltserence 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 Sex@énce process in participant L under HPM-3-K, averagest tme. Red
corresponds to higher values, blue to lower values. Imagegaplayed 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 infinite amount of examples needed by HieHPM in order to achieve
of data, one would expect both StHPM and HieHPM4o the same level of performance in CALC.
converge to the true model, at 40 examples, HieHRM  The last column of Table 10 displays the number
still outperforms the baseline model StHPM by a diffes 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 o£'°¢ in terms of data likelihood.ess voxels and improves performance by reducing the vari-
Perhaps the best measure of the improvementsof ance in the parameter estimates. However, as the train-
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Fig. 11. The learned spatial-temporal response for the Rieture process in participant L under HPM-3-K, average@raime. Red
corresponds to higher values, blue to lower values. Imagesdsplayed 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 findieg which it makes sense to assume that all voxels share
more and more refined partitions. This number of shated parameters. In fact, in most of these regions, HieHPM
voxel sets tends to stabilize around 60 clusters oncesthefinds 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 finer
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 outs2 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. 9g5 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 learned glus- In Figure 15 we present the learned ReadSentence
ters in slice five of the eight slices. Neighboring voxels process for the voxels in slice five 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 _ . 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 ™" s | 25 | apsra apsu] w25
RT 284 |-21322| -21349| -21226 | 24
RTRIA 57 | -4230 | -4208 | -4208 | 1
_.J_ 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

. ( ‘ 908 VOXxel is estimated independently.
B 999 3.2.4. SPM analysis
F 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 fit to a
Fig. 14. Clusters learned by HieHPM in slice 5 of the brairt %> genera} Imgar model using SPM2 softwahg (p: / /
1004 WWw. fil.ion.ucl.ac.uk/spn spn2.htm).
have the same color as in Figure 14. For readabilitypswe The data were first 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 ofitbve regressors for each stimulus condition and run consist-
response in each voxel within a given cluster. Theotia- 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 figure 13 may be par- 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 filter
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A B R 1047 combined based on the timing of the process instances
)] '\ 148 0 predict fMRI data. Figures 16 and 17 show activity
I Y O [0 Y Y [ 1049 maps for responses to the sentence and picture stimuli
N &y [/1] 1050 for participant L. These maps show the voxels whose
] B 7N 7Y 7Y 101 data are significantly correlated with each type of stim-
78 N /N 1052 Uli. The differences among these figures reflect the dif-
1T IR 7N 1053 ferent objectives of the methods that produced them.
anss
| I [ (A [ i -
1 7 1054 4. Discussion
Ay

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 ie §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 ofithe 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 significance by t-tests, at a thresholdesef 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 field theory. The activation mapdfer number of processes underlying the data. We explored
Participant L for the sentence stimuli (minus fixation) a real sentence-picture verification 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 verification (Carpenter et al. (1999); Reichlest  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 casiex ment. Each theory can be specified as an HPM: a set of
(Fig. 16, slices 1-4), consistent with the requirememni7to processes, each with a timing distribution and response
process the visuo-spatial content of the sentences assignature parameters, and a set of configurations, each
well as in a network of reading-related areas includitig 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 gyiasgs processes may be learned from an fMRI dataset. The
(Broca’s area, slices 7-8). Activation reliably relatedt® 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 caaz the ability to estimate the spatial-temporal response to
dition. 1088 events whose timing is uncertain. While the responses
Note the differences among the figures we haveigre- 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 thedfire€&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 time 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:@te 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 seot stimuli minus fixation. Images are displayed in radjicial 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 difficulty or strategy: the correlations at an appropriate level. This analysis
differences for example. In practice, we have obsemed 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 iniibee how an SPM analysis would treat any of the cognitive
field, let us highlight three major differences between processes presented above with uncertain timings. The
analysis with HPMs and analysis with SPM (Fristan first major difference between this SPM approach and
(2003)). A conventional analysis of the sentence-piatwre 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 fixation. Images are displayed in radialabconvention (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 defined 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. modekdl values, and their response signatures. Furthermore, the
outperforms model N). We believe that HPMs and SPM parameters learned also depend on the configurations
can be complementary approaches for fMRI data anal- used for the training data. The set of configurations as-
ysis. 1141 sociated with an HPM reflects 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 config-
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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 pieeesBxed-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 benefit of der like to explore ways of combining data from multiple
signing experiments with HPMs in mind. HPMs pes: participants, and finally, we hope to relax the simplify-
form best if the arrangement of process instancesain ing assumptions of the parameter sharing approach to
the data renders the processes identifiable by isolatingaccommodate 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 gase; 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’
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