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Abstract

Permutation modeling is challenging because of the combi-
natorial nature of the problem. However, such modeling is
often required in many real-world applications, including ac-
tivity recognition where subactivities are often permuted and
partially ordered. This paper introduces a novel Hidden Per-
mutation Model (HPM) that can learn the partial ordering
constraints in permuted state sequences. The HPM is parame-
terized as an exponential family distribution and is flexible so
that it can encode constraints via different feature functions.
A chain-flipping Metropolis-Hastings Markov chain Monte
Carlo (MCMC) is employed for inference to overcome the
O(n!) complexity. Gradient-based maximum likelihood pa-
rameter learning is presented for two cases when the permu-
tation is known and when it is hidden. The HPM is evaluated
using both simulated and real data from a location-based ac-
tivity recognition domain. Experimental results indicate that
the HPM performs far better than other baseline models, in-
cluding the naive Bayes classifier, the HMM classifier, and
Kirshner’s multinomial permutation model. Our presented
HPM is generic and can potentially be utilized in any prob-
lem where the modeling of permuted states from noisy data
is needed.

Introduction
The problem of dealing with permutations of objects arises
naturally in many real-world problems, e.g., in modeling
astronomical image data, solving correspondence and data
association in computer vision, and information extrac-
tion (Kirshner, Parise, & Smyth 2003). In the realm of activ-
ity recognition, many activity routines consist of a number
of steps, each of which occurs only once; in other words,
they consist of a permutation of some subactivities. Further-
more, these substeps often follow certain partial ordering
constraints: some are strongly ordered (e.g., if stepA en-
ables a condition required by another stepB, or if both need
to follow a strict timetable), some are weakly ordered (e.g.,
stepA is performed before stepB out of habit), while oth-
ers might not follow any specific order at all (e.g., their rela-
tive ordering is purely by chance). In a physically grounded
activity recognition system, the actual permutation of steps
remains hidden to the system in most cases; available in the
data stream are noisy observations that occur when a step
is executed by a person. Furthermore, the strong and weak
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ordering constraints might not be known a priori. The main
challenge is to learn these ordering constraints from noisy
sensory data.

We therefore would like to investigate techniques that are
effective for modeling permuted states and capture aspects
of strong and weak ordering constraints exhibited in the per-
mutation. Such techniques would need to overcome the typ-
ical O(n!) complexity in dealing with a large number of
permutations. In this paper, we focus mostly on the activ-
ity recognition domain; however, our approach developed
here can potentially be useful in any problem where there is
the need for careful modeling of permuted states from noisy
data.

Existing activity modeling tools in activity recognition
typically employ Markov models, e.g., hidden Markov
model (HMM) and Dynamic Bayesian Network (DBN). In
cases where the decomposition structures of the activities are
available, more sophisticated extensions of Markov models
such as stochastic grammars (Moore & Essa 2002; Min-
nen, Essa, & Starner 2003), Abstract HMM (AHMM) (Bui,
Venkatesh, & West 2002), and Propagation Network (Shiet
al. 2004) can be used to better capture the dynamics of the
activities. Note that even for these powerful Markov models,
modeling a set of partially ordered activities remains some-
what awkward. For example, in the Propagation Network,
the model needs to remember all the activities that have oc-
curred before a certain time; the size of the state space is
thus exponential in the number of activities. Often, this awk-
wardness is the result of attempts to model permutation as a
Markov state-space model. Because of the extra added com-
plexity, these models typically require that the ordering con-
straints are given as a priori knowledge, in the form of either
transition rules or activity transition networks.

In contrast, our work here focuses on directly learning
permutation patterns corresponding to partial ordering con-
straints that might exhibit in the data, but are not known in
advance. Closest to our approach is the work of (Kirshner,
Parise, & Smyth 2003) whose aim is also to model permu-
tation of data features arising from unknown permuted con-
figurations in astronomical image data. Their approach, al-
though directly attempting to model a set of permuted ob-
jects, deals with a very small number of permutations (of
three objects or less), and is not designed to model sub-
tle patterns in the permutations (such as the partial ordering
constraints among the objects). Thus, two important issues
in permutation modeling have not been addressed: how to
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capture the partial ordering constraints, and how to scale up
to larger permutation sets.

To tackle these issues, we propose a novel model for per-
mutation modeling called theHidden Permutation Model
(HPM). The HPM consists of a distribution of permuta-
tions expressed as an exponential family with suitably de-
signed features. Random permutation is drawn from the dis-
tribution and then serves as ordering indices to generate the
observations. Our work can be viewed as a generalization
of (Kirshner, Parise, & Smyth 2003) in which we replace
their naive multinomial permutation distribution with a more
suitable set of features and parametric form. To overcome
the O(n!) complexity, we employ the Metropolis-Hastings
Markov chain Monte Carlo (MCMC) with the chain-flipping
proposal scheme detailed in (Dellaertet al. 2003) for infer-
ence. We then provide algorithms for maximum-likelihood
parameter estimation for the HPM, both when the permu-
tation is observed (supervised) and when the permutation
remains hidden (unsupervised).

We evaluate the model using both simulated data and real
data from a location-based activity recognition application
domain. In the latter, we use the HPM in combination with
density-based clustering (Esteret al. 1996) to detect the oc-
currences of high-level activity routines in a long sequence
of GPS signals. We show that the proposed HPM model out-
performs other baseline models, including the naive Bayes
classifier, HMM classifier, and Kirshner’s multinomial per-
mutation model.

The rest of the paper is organized as follows. We discuss
the related work next, followed by a detailed description of
the HPM and its learning algorithms. We then present the
setting of location-based activity recognition and the exper-
imental results in evaluating the HPM for this domain. Fi-
nally, we conclude and present our future directions.

Related Work
Recognizing high-order activities is the central theme in
activity recognition research. Numerous approaches have
been proposed in literature, but to our best knowledge,
none has addressed the problem of learning partial order-
ing constraints from permuted activity sequences. Related
background is vast and we do not attempt to cover it all
here. Rather we focus on what is more closely related to
the work in this paper. Briefly, these approaches include
stochastic grammars (Moore & Essa 2002; Minnen, Essa,
& Starner 2003), probabilistic propagation networks (Shiet
al. 2004), DBN-based approaches (e.g., (Bui, Venkatesh,
& West 2002; Yin, Chai, & Yang 2004; Wilson & Atke-
son 2005)), conditional random fields and relational Markov
networks (Liao, Fox, & Kautz 2005) and the naive Bayes
classifier (Tapia, Intille, & Larson 2004).

In stochastic grammar-based approaches (Moore & Essa
2002; Minnen, Essa, & Starner 2003), a high-level activity
is assumed to be generated from a set of atomic activities
via a grammar defined by a set of production rules. These
rules are often predefined manually, and the atomic activities
are observed during training and testing. High-level activity
recognition is performed by parsing a sequence of atomic
activities using parsing techniques in NLP with the prede-
fined grammar.

In the probabilistic propagation network approach (Shiet

al. 2004), the high-level activity is modeled as a probabilis-
tic network of atomic activities in which nodes represent
atomic activities and links represent partial ordering con-
straints among them. Joint conditional probability distribu-
tions are used to enforce the temporal and logical constraints
among parent nodes and their children. High-level activity
recognition is performed by belief propagation on the prob-
abilistic network. However, in order to use this approach,
the structure of the high-level activity (ordering constraints)
needs to be known a priori. In our proposed HPM, these
constraints are modeled and learned directly via the feature
functions specified in the exponential family parameteriza-
tion.

In DBN-based approaches, e.g., (Bui, Venkatesh, & West
2002; Yin, Chai, & Yang 2004; Wilson & Atkeson 2005),
high-level activity is often constructed hierarchically on top
of the atomic activities layer. These activities are usu-
ally treated as hidden variables, and standard inference and
learning techniques in DBN can be applied to learn and rec-
ognize activities. However, because of the strict first-order
assumption, it is hard for DBN-based approaches to cap-
ture long-range ordering and permutation constraints among
the atomic activities. The DBN-based approach has been
applied to location-based activity recognition where high-
level activities are inferred from low-level location informa-
tion (Liao, Fox, & Kautz 2004). In this paper, we focus
however on activities that form out of a permuted sequence
of subactivities and on the problem of learning the ordering
constraints among them.

The HPM is based on a general exponential family for-
mulation; thus, it is related to the conditional random fields
and relational Markov networks (Liao, Fox, & Kautz 2005).
However, the support of the HPM permutation distribution,
by definition, is restricted to the set of permutations. In ad-
dition, the features used in the HPM are designed to capture
partial-ordering relations. Furthermore, the HPM is a gener-
ative model which can be trained in an unsupervised way.

The Hidden Permutation Model
Let {a1, . . . , an} be the set ofn objects (e.g., subactiv-
ities in our case), eachai can generate an observation
w with the emission probabilityP (w | ai) where w =
1, . . . , m. Let Per(n) be the set of all possible permu-
tations over{1, 2, . . . , n}. We define the generative pro-
cess of ann-order HPM as follows. First a permutation
X = {x1, . . . , xn} ∈ Per(n) is generated according to a
distributionP (X). Then eachxt is used as an index to gen-
erate the observationot = w from the emission probability
P (w | axt

). For our convenience, we will use the notation
x−1

j to denote the positioni such thatxi = j.

x1

ono2o1 on−1

xnxn−1
x2

Figure 1: Graphical model for HPM

Figure 1 illustrates the HPM as a graphical model. Note
that the structure of the model is somewhat similar to an
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HMM, except that the hidden state sequence is now a ran-
dom permutation, and thus Markov properties do not hold;
in fact, {xi} form a fully connected Bayesian network.
However, at the observation layer, each observationot de-
pends only onxt. With a slight abuse of notation we write
P (ot | xt) to meanP (ot | axt

). The joint distribution of all
variables in the model is given as

P (X, O | θ) = P (X | λ)P (O | X, η)

= P (X | λ)

n
∏

t=1

P (ot | xt, η)

Hereθ = {λ, η} is the parameter of the model:λ parame-
terizes the permutation probabilityP (X | λ) andη parame-
terizes the observation modelP (O | X, η).

There aren! elements inPer(n), so it would taken! pa-
rameters ifP (X) is modeled as a multinomial as in (Kir-
shner, Parise, & Smyth 2003). This approach is clearly not
scalable in terms of computational complexity and, more im-
portant, sample complexity.

The key idea of our contribution is a general parameteri-
zation of the permutation distribution based on the exponen-
tial family. Let f : Per(n) → R

d be ad-dimension feature
function, andλ ∈ R

d be the parameter in our model. We
consider an exponential family of the form

P (X | λ) = exp {〈f(X), λ〉 − A(λ)}

where 〈·, ·〉 denotes the inner product, andA(λ) =
ln

∑

X∈Per(n) exp{〈f(X), λ〉} is the log normalizer (a.k.a.
log-partition function).

The different choice of feature functions gives us great
flexibility in modeling the characteristics that we care about
in the permutation. One way to capture the long-range or-
dering constraints1 among subactivities is to define the fea-
tures asf(X) = {fij(X), 1 ≤ i, j ≤ n} wherefij(X) =

I{x−1
i < x−1

j }, e.g.,1 if i appears beforej in the permu-
tationX and0 otherwise. The inner-product〈f(X), λ〉 be-
comes
∑

i,j

λijI{x−1
i < x−1

j } =
∑

l,k

λxlxk
I{l < k} =

∑

1≤l<k≤n

λxlxk

We thus arrive at the following model:

P (X | λ) = exp







∑

1≤l<k≤n

λxlxk
− A(λ)







(1)

In contrast to the multinomial model, this model has only
n(n − 1) parameters.

To complete the model, we employ multinomial distribu-
tion for the emission probabilityP (O | X, η). The straight-
forward choice is to defineP (ot = w | ai) = ηiw. This
is known as the mean-parameterization for the multinomial.

1Another useful set of features can be constructed to focus on
neighboring positions:fij(X) = 1 if i appearsimmediatelybefore
j in the permutation and0 otherwise. Yet another useful set of
features can focus on value at a given position:fi,l(X) = 1 if i
appears at positionl and0 otherwise. In this paper, we use only
features that lead to the form in Eq. (1).

However, mean-parameterization requires two constraints:
∑m

v=1 ηiv = 1, ∀i and0 ≤ ηiv ≤ 1. These constraints make
maximum likelihood estimation a constrained optimization
problem, which is inconvenient to solve. We therefore pre-
fer to work with a minimal canonical parameterization as
follows

P (w | ai, ηi) = exp

{

m−1
∑

v=1

ηivI{v = w} − B(ηi)

}

(2)

whereB(ηi) = ln(1+
∑m−1

v=1 eηiv ) is the log-partition func-
tion. With canonical parameterization, there are no con-
straints on the parameterηiv.

In summary, the HPM is parameterized byθ = (λ, η)
whereλ = {λij ∈ R, 1 ≤ i 6= j ≤ n} are canonical
parameters forP (X | λ), andη = {ηiv ∈ R, 1 ≤ i ≤
n, 1 ≤ v ≤ m − 1} are multinomial canonical parameters
for the observation model.

MCMC for Approximate Inference
Given a sequence of observationsO = {o1, . . . , on}, the
inference task is to compute the conditional probability

P (X | O, θ) =
P (X | λ)

∏n
i=1 P (oi|axi

, η)
∑

X∈Per(n) P (X | λ)
∏n

i=1 P (oi | axi
, η)

We are also interested in calculating the likelihood of the
modelθ with respect to the observation sequenceO , i.e.,
the probability

P (O| θ) =
∑

X∈Per(n)

P (X | λ)
∏

i

P (oi | xi, η)

Note that this is also the denominator that appears in the
expression forP (X | O, θ).

The inference problem requires summation over all possi-
ble permutations inPer(n), which takesn! operations and
is clearly not scalable. In this paper, we propose to use a
Metropolis-Hastings MCMC approximation at this step:
∑

X

P (X | λ)
∏

i

P (oi|axi
, η) ≈

∑R

r=1

∏

j P (oj |axr
j
, η)

R

whereXr ∼ P (X |λ) andR is the number of samples. To
simulate fromP (X |λ) via MCMC, we use the flipping pro-
posal distribution in (Dellaertet al. 2003). From a cur-
rent permutationX , we generate the next permutationX ′ by
swapping two random positions inX . This proposal distri-
bution is symmetric, and thus the acceptance ratio becomes

min
{

P (X′|λ)
P (X|λ) = exp{

∑

l<k(λx′

l
x′

k
− λxlxk

)}, 1
}

.

Parameter Estimation
We present maximum likelihood (ML) parameter estimation
for the model, first in the case where all variables{X, O} are
observed and then for the case whereX is hidden.

Supervised learning with observed permutation Given
the fully labeled datasetD consisting ofK i.i.d. training
sequences

{

Xk, Ok, k = 1, . . . , K
}

, ML estimation is the
solution

θML = argmax
θ

P (D | θ) = argmax
θ

L(D; θ)
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where L(D; θ) = lnP (D | θ) is the complete log-
likelihood:

L(D; θ) =
K

∑

k=1

[

ln P (Xk | λ) + ln P (Ok| Xk, η)
]

Clearly, the parametersλ andη are decoupled and can be
optimized separately. Note that with the exponential family
parameterization,ln P (X | λ) is a concave function ofλ
and so there exists a global maximum point for the above
maximum likelihood problem. In this work, gradient ascent2

is used to find the optimalλ. The derivative3 is given as

▽λij
(L(D; θ)) =

K
∑

k=1

fij(X
k) − K

∑

X

fij(X)P (X | λ)

Optimizingηi however has a simple closed-form solution
in which the mean parameterP (o = w|ai) is simply set to
the normalized frequency count in the data.

Unsupervised learning with hidden permutation When
X is hidden, our datasetD reduces toK i.i.d. sequences
of observations

{

Ok, k = 1, . . . , K
}

. The (incomplete) log-
likelihood is

l(D ; θ) =

K
∑

k=1

log

{

∑

X

P (Ok, X | θ)

}

This objective function is no longer concave, and the two
parametersλ andη are now coupled and need to be opti-
mized jointly. Nevertheless, the derivatives can be evaluated
and given below:

▽λij
(l(D ; θ)) =

K
∑

k=1

∑

X

fij(X)P (X | Ok, θ)

− K
∑

X

fij(X)P (X | λ)

▽ηiv
(l(D ; θ)) =

K
∑

k=1

∑

X

I{x−1
i ∈ Ok[v]}P (X | Ok, θ)

− KP (w = v|ai, ηi)

whereOk[v] = {j s.t. ok
j = v}.

We have experimented with two different optimization
strategies: (1) simple gradient ascent, and (2) coordinate as-
cent that alternatively optimizesλ via a gradient step (while
η is fixed) and optimizesη via an expectation maximization
(EM) step (whileλ is fixed). However, we find that the sim-
ple gradient ascent works much better, and this is used in our
reported experiments. For a small number of permutations,
the gradients can be computed exactly by summing over all
permutations. When the number of permutations is large,
the MCMC approximation described in previously can be
used.

2We expect a quasi-Newton method such as conjugate gradient
to give better performance.

3Full derivation of the derivatives in this section is omitted for
brevity, but can be supplied if requested.

Activity Recognition on Campus
A student’s activities on campus are rarely random. Some
are spontaneous and are not bound to any strict schedule
such as having coffee with friends, reading in the library,
going banking, and so on. But often they are driven by a
timetable such as when to take a class, where to meet for
assigments, when to attend a seminar, and so on. Daily rou-
tines of a student can thus be viewed as a sequence of par-
tially ordered ‘atomic’ activities.

We are interested in identifying and extracting such typi-
cal routine segments from location information contained in
long daily GPS traces. The problem is non-trivial since sev-
eral atomic activities might take place in the same known lo-
cation. Furthermore, because of the proximity between cam-
pus buildings, locations of interest might not be detected or
distinguishable from one another via GPS signals alone. We
use a two-stage approach to this problem. In the first stage,
raw GPS signals are clustered to find locations of signifi-
cance where activities might take place. In the second stage,
sequences of raw GPS signals are converted to sequences of
cluster labels that are used to train the HPM models. The
learned HPM models are then used to identify and extract
corresponding routine segments in future GPS traces. We
describe the process used to cluster GPS data below and
present experimental results for activity routine extraction
using the HPM in the next section.

Clustering Raw GPS Signals
Clustering of GPS signals to automatically discover places
the student visits on campus presents some challenges: we
do not know the number of places (clusters) in advance, the
GPS signals can be noisy or lost when inside a building,
and the clusters could have arbitrary, non-ellipsoidal shapes.
These represent difficulties for standard parametric meth-
ods such as Gaussian mixture models. We thus employ a
density-based clustering algorithm (DBSCAN) (Esteret al.
1996; Adams, Phung, & Venkatesh 2006) to find significant
places where ‘significance’ implies that the student has spent
more than a threshold time period at that location (5 min-
utes in our case). Similar to (Adams, Phung, & Venkatesh
2006), lost signals are interpolated for the interval where the
signal disappears and reappears again within a spatial prox-
imity. Density-based clustering is particularly desirable in
our case because it can discover arbitrary cluster shapes, ex-
clude noise and outliers (e.g., GPS readings recorded when
the subject is moving between two places), and automati-
cally discover the number of clusters.

In our typical setup, a student carries a PDA equipped
with GPS logging functionality. Raw GPS signals are then
preprocessed (interpolated) and clustered using DBSCAN.
Each cluster is then consulted with the campus map to find
possible matched locations. Logs of GPS data can thus be
transformed into sequences of cluster labels that serve as the
input to our HPM model. We collected approximately 40
hours of data from a student walking around the campus
with a GPS-enabled device. Figure 2 plots seven clusters
representing seven discovered significant places and their11
corresponding matched locations (see also Table 1). Many
location pairs such as Angazi/Bank, Library/Bookmark,
Jones/CBS, and Watson/Psych are grouped as one, as they
are indeed close in spatial proximity. For example, the
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Bookmark cafe is attached to the Library, and the Bank is
adjacent to the Angazi cafe.
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Figure 2: Learned clusters and corresponding locations

Experiment
Activity Description
We experiment with two activity routines, one consisting of
five atomic activities and the other consisting of six atomic
activities. Figure 3 shows the partial ordering structure
among the atomic activities (each directed arrow represents
an ordering constraint). For example, in the first routine,
‘Group meeting’ must occur after ‘Lecture 1’ but could oc-
cur before or after ‘Lecture 2’.

Table 1 shows the names of the physical locations mapped
to the atomic activities. We observe that some atomic activ-
ities (e.g., group meetings or having lunch) might occur at a
number of different locations, and similarly a physical loca-
tion can be associated with more than one atomic activity.

Results with Simulated Data
This experiment is designed to test performance of the HPM
with large data synthesized artificially. The objective is to
detect the occurrence of an activity routine in a long se-
quence of significant places (clusters). For each routine, 100
runs were performed. In each run a training data set con-
sisting of 30 pairs of atomic activity/observation sequences
was randomly generated. The random routine generator has
a transition matrix among the atomic activities for sequence
generation. Random transitions that do not satisfy the par-
tial order constraints or the permutation constraints are dis-
carded. In addition, a long test sequence of 1100 random
observations was generated, and 20 instances of the given
routine were generated and inserted randomly into the test

Banking

Breakfast Lecture 2 CoffeeLecture 1 Group Meeting 1

Lecture 3 LunchGroup Meeting 3Lecture 4

Group Meeting 2

Figure 3: Structure of atomic activities in two high-level
routines and their partial ordering constraints. An arrow im-
plies an ordering constraint.

sequence. For HPM models, MCMC is used for approxi-
mate inference. The training time required for unsupervised
learning in each run takes roughly one minute on a 2GHz
Pentium machine. For Kirshner’s model, we perform exact
summation over the entire permutation set, and thus training
time is roughly doubled.

Three baseline models are used as comparisons: the naive
Bayesian classifier (NBC), hidden Markov model (HMM),
and Kirshner’s model (KIR) (Kirshner, Parise, & Smyth
2003). Detection of the routine is performed by submitting
the data in each window of lengthn in the data sequence to
the models for classification. Average true positive (TP) and
false positive (FP) rates over 100 runs are used as perfor-
mance metrics; recall is the ratio of TP to the number of true
activities (20 in our case) and precision is the ratio TP/(TP +
FN). All models under evaluation do not have access to in-
formation about the partial ordering constraints in Figure 3.

Atomic activities Physical locations
Banking Bank
Lecture 1 Watson theater
Lecture 2 Hayman theater
Lecture 3 Davis theater
Lecture 4 Jones theater
Group meeting 1 Bookmark cafe, Library, CBS
Group meeting 2 Library, CBS, Psychology Bld
Group meeting 3 Angazi cafe, Psychology Bld
Coffee TAV, Angazi cafe, Bookmark cafe
Breakfast TAV, Angazi cafe, Bookmark cafe
Lunch TAV, Bookmark cafe

Table 1: Atomic activities and their corresponding physical
locations from campus map

Tables 2 and 3 describe the experimental results for the
supervised (permutation given) and unsupervised learning
(permutation hidden) cases, respectively.4 The results reveal
that the HPM outperforms both the NBC and HMM. In both
supervised and unsupervised learning cases, the HPM pro-
duces a higher number of true positives, making the recall
rate 4% higher than that of the HMM, while maintaining a
low number of false positives, resulting in a precision rate
much higher than that produced by HMM (30% higher for
activity 1 and nearly 20% higher for activity 2).

TP FP Precision Recall
Activity 1 HMM 18.2 19.5 48.3% 91.0%

KIR 18.5 2.0 90.2% 92.5%
HPM 19.1 4.1 82.3% 95.5%

Activity 2 HMM 17.9 4.4 80.3% 89.5%
KIR 18.0 0.7 96.3% 90.5%
HPM 18.8 0.4 97.9% 94.0%

Table 2: Results for simulated data (supervised learning)

In comparsion with Kirshner’s model, the HPM performs
much better, especially in precision, except for one case in
a supervised setting. Notably in the unobserved permuta-
tion case (unsupervised) the HPM improves from 68.3% to

4Only the sequence of cluster labels (not the true permutation)
is given to the NBC; thus, NBC results are reported only in the
unsupervised setting.
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TP FP Precision Recall
Activity 1 NBC 16.6 11.1 59.9% 80.3%

HMM 18.3 19.8 48.0% 91.5%
KIR 18.3 8.5 68.3 % 91.5%
HPM 19.1 5.1 78.9% 95.5%

Activity 2 NBC 17.1 11.0 60.9% 85.5%
HMM 17.7 3.8 82.3% 88.5%
KIR 18.1 4.7 79.4 % 90.5%
HPM 18.5 0.5 97.4% 92.5%

Table 3: Results for simulated data (unsupervised learning)

78.8% and 79.4% to 97.4% for activities 1 and 2, respec-
tively. Besides, we notice that the HPM performs fairly
consistently when the number of atomic activities increases
from routine1 to routine2, while Kirshner’s model degrades
very quickly. This confirms our belief in the superior perfor-
mance of the HPM over KIR in handling permutations over
larger sets, not to mention the complexity explosion that the
KIR model may face.

Results with Real Data
We use the real data collected by a student walking around
the campus as described in the previous section. Out of the
approximately 40 hours of data collected, converting to clus-
ter labels results in about 350 different cluster visits where
routine1 was noted to be performed 10 times. The best un-
supervised permutation model (HPM) is compared against
the HMM and the NBC. In unsupervised setting, the results
can be sensitive to initialization; thus for the HMM and the
HPM, we ran the program 25 times, each with a random ini-
tialization, and the mean of the results was recorded. Note
that all the models being evaluated do not have access to in-
formation about the correspondence between GPS clusters
and locations of interest (Figure 2), or the correspondence
between atomic activities and locations (Table 1), or the par-
tial ordering constraints (Figure 3).

TP FP Precision Recall
NBC 6 4 60% 60%
HMM 8.5 5.3 61.6% 85%
HPM 9.8 1.9 83.8% 98%

Table 4: Results for real data (unsupervised learning)

Table 4 reports the results. Performance in this experi-
ment is fairly consistent with the simulated case. The HPM
produces a high recall rate (98%), while the recall rates for
HMM and NBC are 85% and 60%, respectively. In addition,
the number of false positives produced by the HPM is less
than half that produced by the HMM and the NBC, mak-
ing the precision rate of the HPM higher than 80%, which
is more than 20% higher than that produced by the two rival
models.

Conclusion
In summary, we introduce the Hidden Permutation Model
(HPM) for learning and recognizing high-level activity rou-
tines that consist of a permutation of partially ordered subac-
tivities. We propose a general way to parameterize a distri-
bution over permutations using the exponential family, de-

sign a set of suitable features for the model, discuss ap-
proximate inference, and derive updates for both supervised
and unsupervised learning of the model. We also present
a method based on a combination of the HPM and density-
based clustering for learning activity models from GPS data.

The HPM is evaluated against the naive Bayes classifier,
the HMM classifier and the multinomial permutation model
in several scenarios in which ordering constraints among the
subactivities of the high-level routine are not known in ad-
vance. Results show that the HPM outperforms all the other
baseline models, especially in unsupervised learning, indi-
cating that the HPM is a promising tool for permutation
modeling.

The current HPM model can be extended in a number of
ways. First, the strict constraint of unique occurrence in the
permutation can be relaxed so that a distribution over the
set of permutations with repetition can be defined. We ex-
pect that features corresponding to the number of repetitions
of an object in the permutation will be useful. Second, since
the HPM is defined based on an exponential family, it is con-
ceptually straightforward to consider a discriminative coun-
terpart of the HPM. Similar to the way we have compared
the HPM to the HMM, comparison of such a discriminative
permutation model against standard a discriminative model
(e.g., conditional random fields) could provide further proof
of the usefulness of the current permutation model.

Note that the HPM proposed in this work is not necessar-
ily restricted to the activity recognition domain. We would
like to investigate its applicability to other domains with per-
muted data such as in target tracking or a wide range of other
problems mentioned in (Kirshner, Parise, & Smyth 2003).
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