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ABSTRACT is also an application of PDA where each document (e.g., e-mail) is
The Probabilistic Data Association (PDA) problem involves iden- classified into topics and the evolution of topic trends are of inter-
tifying correspondences between items over data sequences on thest [1]. Yet another interesting application is found in the domain
basis of similarity functions. PDA has long been a topic of interest of law enforcement where the task is to associate crime incidents
in many application areas such as tracking and surveillance; how- committed by the same individuals or group of individuals based
ever, despite being a common and important data-analysis problemon suspect traits and crime similarities [26].
it has largely been ignored by the database community. Our work
rectifies this situation by formalizing PDA as a database problem PDA is often cited as one of the biggest challenges in tracking ap-
and solving it using novel probabilistic query optimization tech- plications [18] and has long been a topic of interest. However,
niques coupled with fast constraint resolution. despite its importance and wide applicability in a variety of data-
analysis applications; it has largely been ignored by the database
Specifically, we formulate PDA as a continuous probabilistic rank- community. In this paper, we explore the PDA problem using novel
ing problem with constraints and efficiently solve it in an online probabilistic query processing techniques [14, 15]. Specifically, we
fashion. Our solution is built on a top-k approximation to the prob- consider the PDA problem as a constrained probabilistic ranking
lem guided by resource-aware optimization techniques that adap-problem with possible worlds semantics [6, 7].
tively utilize the available resources to produce real-time results.
User-defined data association constraints commonly used in PDAIn the possible world semantics, relations are defined to be un-
applications are used to restrict the solution space and quickly elim- certain: an uncertain relation represents a set of possible relation
inate inconsistent solution candidates. instances. In most cases, this is achieved by addingxetence
probability / confidencéield to each relation. This added field rep-
Besides providing basic complexity analysis, we experimentally resents the membership probability of a tuple in a relation. Based
study our solutions using a prime PDA application: real-time track- on this definition of uncertain relations, a probabilistic database is
ing of moving objects within a camera network. We use video defined as a set of uncertain relations and can be viewed as a proba-
streams obtained from a local camera network deployment to val- bility distribution over database instances. There is a close relation-
idate our solution, demonstrate its feasibility for real-time contin- ship between the data association problem and the possible worlds
uous PDA, and quantify its superiority over an efficient constraint semantics of probabilistic DBs: the PDA problem can be defined
programming formulation (built on top of ILOG) representing the over an uncertain relation consisting of tuples describing data asso-

state-of-the-art approach. ciations together with association scores. In this formulation, each
possible world instance represented by the uncertain relation would
1. INTRODUCTION be a separate data association hypothesis.

The data gssociation problem refers to identifying corre.sponden.ceswe apply this formulation to represent the PDA problem within
t_)etween items over datz_a sequences [18, 19]. A classical appllca-a probabilistic database framework. We describe a new contin-
tion area for data associationtiacking [19], where the task is to uous probabilistic ranking query, tHeDA Query together with
map a given set of mea_su_rements t‘? a set of tracks (or Ob!eqts)'resource-aware approximate execution methods to efficiently solve
Pmb"’?b"'s“c data ass_oc!atu_)n (PDA.) is a type of data association it. In particular, we present two different query execution methods
technique that uses similarity functions to create a set of data as-y,a¢ oy emphasize efficient exploration of the underlying possi-
socw\_tlon hypoth_eses together with gssomatlon scores [2, 3]. _In ble worlds in the presence of association constraints. The first one
tracking applications, each hypothesis would represent a Mappingis pased orConstraint ProgrammingCP) [22]; it leverages exist-

of measurements to tracks. ing powerful constraint solvers [21] for efficiency and generality.
The second approach we propose is a fornRahked Searcthat
efficiently enumerates high-probability possible worlds, selectively
and efficiently pruning them with fast constraint elimination tech-
niques.

PDA is an important task with many applications in diverse do-
mains. As mentioned, a major target of PDA is the area of tracking
and surveillance applications such as visual tracking where the task
is to track people (or objects) in video streams [2], ocean surveil-

lance (tracking of ships and submarines), battlefield surveillance, Since exploring all possible worlds is intractable, both solutions

and air defense [3]. Another application domain is air traffic control_ use an underlyingop-k approximatiommodel, a solution which is

systems in which radar observations are associated with targets iNyso widely adopted by existing PDA solutions as a means to en-
real-time [3]. Document classification and topic intensity tracking



able real-time processing [2, 3]. While previous work relied on duce the PDA query in 83 and present our query execution methods

pre-defined, fixed: values, our contribution here is to show how in 84. Constraints for PDA queries and their execution are in §5.

to adjust the value ok while balancing processing overhead and Query optimizations on accuracy and execution time are in 86. An

association accuracy. experimental evaluation of our techniques is given in 87. Related
work is in 88 and we conclude the paper in §9.

We apply these solutions on a visual tracking application that we

use as a running example throughout the paper. While we heav-5  ppA [N PROBABILISTIC DATABASES

ily use visual tracking to explain our techniques with concrete, fa-

miliar examples and demonstrate potential impact in a real-world In this section, we first discuss and formulate the PDA problem, us-

application to which database technology has not yet contributed, ing & generic PDA application context, in the probabilistic database

we emphasize that our goal is not to specifically solve the tracking framework. Next, we discuss the complexity of the PDA problem

prob|em per se. In what we describe be|0W’ the on|y app"cation_ and its relationship with the PDA constraints. Finally, we present

specific component is the “"cooking” functionality that processes the visual tracking application which is used as the running exam-

the raw data (i.e., images in our example application) to extract Ple throughout the paper.

the relational data on which our techniques operate. As such, our

techniques are quite general and readily applicable to other PDA2 1  Generic PDA Application Model

applications. . . S .
We consider a generic PDA application in terms of the following

b- main components: (i) data items, (ii) high-level objects and (iii)
similarity functions.Data itemsare the basic units between which
we would like to establish associations (i.e., links). In general, each
ficient execution of domain constraints, which play a central role in C_Jl?jectreprese_nts aset of associated data items and is uniquely iden-
PDA. Second, continuous PDA is fundamentally a stream process- fied by anobject id. However, the complete semantics of objects,
ing problem as it involves temporal sequences. Prior work studied their representation and management (i.e., object creation/deletion)

mostly static data and one-time queries (e.g., [7, 14]). are application dependent. . In.a track!ng ap.plica.tioin, each object
could represent a person, with its data items identifying the appear-

ances of the person. Similarly, in a document classification system
objects and items could represent a list of topics and documents, re-
spectively. In addition, applications could either choose to perform
(l) Our high-'eVe' contribution is the first use of database'style their own object management (e.g.7 by defining a priori a set of ob-
query optimization and processing techniques on an impor- jects, such as a fixed set of document topics) or allow the system to
tant class of data-centric app|icati0ns, those that involve PDA, Se|f-manage the objects_ In System_based Object management, new
that has so far remained outside the scope of database reppjects are automatically created for the received data items and
search. object deletion is performed when no item is assigned to an object

(i) We integrate efficient constraint resolution methods into prob- fOF @ user-specified time interval. For now we assume that there
abilistic query evaluation. To the best of our knowledge, con- exists a fixed set of objects. Finallysanilarity functioncomputes

straints have not been studied in any general form within the & Similarity value between a given object and a data item. Then,

context of probabilistic queries. We first describe how we Within this general setup, the primary goal of a PDA application
can use a constraint solver for this purpose. This is important is to find the maximum score associations, represented via objects,

in that a class of constraints that are already efficiently sup- between data items based on the results obtained from the similar-

ported by existing solvers can be immediately used. Next, we ¥ functions.

propose a general search-based method for the resolution of

generic constraints and then present methods to integrate ef-2.2  Problem Definition
ficient constraint resolution techniques into the solution. We
also discuss the computational complexity of these methods.

We note that our solutions go beyond the existing results on pro
abilistic query processing research in two aspects. First, proba-
bilistic databases have limited support for the specification and ef-

The paper makes the following contributions:

First, we consider the PDA problem on a non-streaming (i.e., tradi-
tional) probabilistic database. Later, we generalize it to the stream-
(i) We describe an adaptive parameter tuning technique that caning scenario. In the non-streaming case, the input to the system is
be used to trade off processing overhead with association ac-an uncertain relatiod/ (see Figure 1) consisting of tuples of the
curacy. With additional optimizations, we show that process- form < item id, object id, probability >. Each tuple of the
ing times can be significantly reduced with only modest ac- relationU represents the association of a data item and an object
curacy losses. together with a probability. Tuple probabilities are derived from the

. L . . computed similarity values by normalization.
(iv) We use a real-world PDA application, a visual tracking ap-

plication that we deployed locally, for experimentally eval-
uating our techniques. The results reveal that the database [ itemid | objectid | probability JRM3ED)
1 3

approach we introduced that uses continuous probabiliStic  wuws exciusion 1 t1 {Pt—\;‘/ts} P“’lbzﬂy
ranking outperforms our implementation of a widely cited ¢! 4 2 e 12 @ita) 18
generic solution for PDA [3]. (Our claim concerns the so- . Exdusm{ 2 1 4 t3 {23} .28
lution of the generic PDA problem and not the heavily opti-  Groun 2 2 6 t4 ftara} .42

mized, specialized PDA solutions that exist for the tracking
application.)
Figure 1: An example uncertain relation, U, representing the asso-
In the rest of the paper, we first describe the PDA problem and ciations between two data items and two objects given for th@on-
present it in the probabilistic DB framework in §2. Then, we intro-  streaming PDA problem.



Each tuple is also part of a mutual exclusion group (MEG) [10, the receipt of each set of new items, the high-level application com-
15]. A MEG is a set of tuples from which only one can exist in a putes the similarity values between all pairs of new items and exist-
database instance. In this case, a separate MEG is formed for eacling objects, and finally forms and appends the corresponding tuples
data item to represent the basic constraint that each item is to beto the probabilistic database together.
associated exactly with a single object. Then, the PDA problem is
equivalent to finding the maximum probability possible woilid, In the streaming probabilistic database scenario, the tuples of the
represented by the relatidi. Observe that? consists of a sin- uncertain relatiot/ are modified to be of the form time point,
gle assignment for each data item and represents the set of assignitem id, object id, probability >. The new attributéime point
ments for which the overall probability is maximized. Data items is used to represent the iteration number (i.e., the points at which
are associated with each other if they are assigned to the same obrnew tuples are appended to the database). For instance, in a visual
ject. In Figure 1, all the possible worlds and their probabilities are tracking application, the video frame number could be used as the
listed for the given uncertain relation. In this case, the possible time point attribute. In this way, all the data items extracted from
world {¢2,t4}, which assigns both items to objets the maxi- the same frame would be identified with the same time point value.
mum probability possible world. Finally, we can now define the PDA problem for the probabilistic
streaming databases as the problem of computing the set of maxi-
Current probabilistic databases allow a tuple to be part of only a sin- mum score assignments at each time point for all the received data
gle mutual exclusion group [10, 15] and as far as we know not much items across all time points.
research has been done on the interplay of constraints and proba-
bilistic databases. In this scenario, i.e., when each tuple is part of 2.3 Complexity of the PDA Problem
a single MEG and there are no additional constraints, the problem
is solvable in linear time (in the number of tuples) by selecting the
tuples with the maximum probability from each MEG. However, in
many PDA applications, there is a number of additional constraints
restricting the space of valid data associations and the complexity
of the PDA problem depends on the given set of constraints. We
discuss the problem complexity in Section 2.3 and present exam-
ple constraints in the context of the visual tracking application in
Section 2.4. In the case of additional constraints, the problem be-
comes a constraint optimization problem which can be formalized

In Section 2.2, we showed that the PDA problem can be expressed
as a constraint optimization problem. In this section, we discuss
the complexity of the PDA problem based on the constraint opti-
mization formulation. Constraint optimization problems (hence,
also the PDA problems) are equivalent to constraint satisfaction
problems (CSP) [27] to which an additional set of “soft” con-
straints (i.e., preferential constraints which need not be satisfied)
are added to represent the score functions. A CSP is defined as a
triple (X, D, C), where Xis a set of variables, D is a set of domains
and C is a set of constraints and the goal is to find an assignment

as follows: : . - .

for all the variables that satisfy the given set of constraints.
PDA Problem (non-streamingsiven an uncertain relatiofi rep- CSPs are in general NP-complete and tractable only for a few very
resenting the associationstlata items andr objects, define restricted cases such as the well-known 2SAT case, where the vari-

) ) ) ables are all binary-valued and all the constraints are binary (i.e.,
Xi to be a variable representing ti¢ data item and have the  defined over 2 variables) [27]. Generally, constraint solvers apply
domainD; = {1,2,...,m} for1 <i <n. search-based methods, such as the branch-and-bound algorithms,
backtracking algorithms and heuristic methods [28] to solve the
Cli][j] as the probability of the assignment of & dataittemto  csps. In our constraint-programming based solution to the PDA
thej*" object. problem (§4.2.1), we employ a constraint solver to demonstrate
this approach. The exact complexity of a PDA problem mostly
mamimz‘zeH C[i][X;] depends on the given set of constraints. Therefore, it is essential
to use efficient constraint resolution techniques whenever applica-
ble. For this purpose, in our second solution to the PDA problem,
the Ranked Search method (84.2.2), we allow the integrated use of
The solution to the constraint problem is a list of assignments of the specific constraint resolution techniques. This is discussed in more
form X; = z;, 1 < i < n. The assignmenk; = z; assigns the detail in 85.

it" data item to the:’” object. Hence, the solution also encodes

the maximum score possible world that satisfies the given list of 2 4 Running Example: Visual Tracking

constraints. Application

In our system, we support generic boolean constraints on the setlin this section, we describe the visual tracking application which is
of assignments and user-defined function-based constraints as pamised as the running example in the rest of the paper. In the visual
of the constraint_list. For instance, a simple example constraint tracking application, we consider the tracking of people and image
is X1 # X5 which disallows assigning itemisand2 to the same features (e.g., corner features [20]) extracted from video sgeam
object. We discuss the set of supported constraints, constraint resdn the case of tracking people, using similarity functions based on
olution techniques and example constraints for the visual tracking image processing techniques we compute the similarity score of a
application in 85. blob and a person. A blob is defined as a connected region of fore-
ground pixels in an image and a person is represented as a series
PDA Problem (streaming)Now, we consider the same problem in  of blobs and related information. Therefore, the task of tracking
the context of the streaming probabilistic databases. The stream-people (i.e., high-level objects) reduces to the act of associating
ing PDA problem is mainly a continuous / iterative version of the blobs (i.e., data items) across images. This process is illustrated in
non-streaming PDA problem. We assume that a high-level PDA Figure 2 where blobs are denoted with rectangles and blob associ-
application continuously receives new data items. Moreover, upon ations are shown with arrows. Tracking features is a similar task

s.t. X; € D;, constraint_list




but performed on image features instead of blobs. Further informa- In addition, the mutual exclusion groups, defined on Frame# and
tion on the detection of blobs and features, and the camera networkBlobID, are used to specify the underlying assumption that each
setup used in collection of video streams for experimentation are blob is to be assigned to only a single person (elgy, ¢2). How-
provided in Section 7. ever, a number of other additional constraints could be specified as
part of a tracking application. For instance, we could require a per-
son (i) to be assigned at most one blob in a camera and (ii) not to
be assigned blobs in cameras with non-overlapping views. We will
discuss how to support such constraints efficiently in Section 5.

3. PDA QUERY

The PDA query is the database specification of the streaming PDA
problem defined in Section 2.2. Hence, the goal of the PDA query is
to continuously compute and output the most likely possible world

Figure 2: lllustration of Tracking and Data Association using a video (i.e., the data association hypothesis with the highest score) at each
captured with our local camera network. Solid lines indicae the cor- time point. Each output possible world must represent a complete
rect data associations. data association hypothesis covering all the query time points.

We can represent the tracking application within the probabilistic In the tracking application, the task is to track all the people (or
DB framework as shown in Figure 3. We identify each person and features) observable by the cameras. As discussed in Section 2.4,

frame using a person idPérsonlD and frame numberFfame#). this task corresponds to a continuous data association problem on
The blobs extracted from the same frame are assigned unique ids2 streaming uncertain relation (see Figure 3). In the context of the
(BlobID). Each tuple describes the scoMatchScorg of associ- tracking application, we use the PDA query to perform the associ-

ating a blob and a person. The association score is computed usation between the people/features detected in the camera network.
ing similarity functions (discussed in Section 7). Also, we assigned As mentioned before, we assume that all the tuples with the same
each tuple with a uniquEuplelDfor illustration purposes. Observe ~ Frame# / time point, called fiame setare appended to the rela-
that, theFrame# BlobID, PersonIDand MatchScordields corre- tion together. In the rest of the paper, we use the PDA query mainly
spond to thetime point item id object id and probability fields within the tracking application framework to easily express our ex-
discussed in Section 2.2, respectively. Within this setup, each pos-ecution methods and related optimizations.

sible world represented by the given uncertain relation is a poten-

tial result for our tracking application. For instance, in the possible Finally, the PDA query supports a range of constraints commonly
world {¢2, t3}, the first blob in framd is persor2 and the second used in PDA applications. These include pairwise inequality con-
blob is persori. In addition, in probabilistic databases, generally straints on association items, unique-assignment constraints and
the scores of tuples in the same mutual exclusion groups are nor-other user-defined constraints supported through a single interface.
malized to form probabilities. In this case, we do not perform this Constraints and their enforcement are discussed in Section 5.

step as it is not necessary for the tracking application and the PDA

query. Finally, as mentioned before the score of a possible worldis 4. PDA QUERY EXECUTION

defined to be the product of the scores of its assignments. 4.1 Top-k Approximation

A naive method to execute the PDA query would be to repeatedl|
mm TuplelD P—Vlvl3 % enumerate all the possible worlds of g strt}e/aming uncertairr: relatio);
1 1 1 9 ua 121':41 ‘63 and output the possible world with the maximum probability that
1 1 2 8 ©2 {23 72 satisfies the given set of constraints as the answer upon the arrival
1 2 1 9 t3 {t2,t4r .56 of each new frame set ( or in a generic PDA application, upon the
1 2 2 7 t4 arrival of the tuples of a new time point). However, the number of
5 1 1 6 5 Mutual Exclusion possible worlds is exponential in the number of association items in
Groups: an uncertain relation, and thereby prohibits the naive enumeration

(t1,£2), (t3,t4) approach. In addition, each possible world represents a complete

data association hypothesis for all the received frames. Therefore,

the hypothesis space keeps growing exponentially as more frames
Figure 3: Representation of a single-camera tracking application aa (and consequently more data items) are received.
streaming uncertain relation within a probabilistic DB fra mework.

A more practical, but inexact (i.e., approximate), approach to exe-
The relation in Figure 3 is a streaming relation ordered according cuting the PDA query would be to incrementally compute the an-
to the key (Frame#, BlobID, PersonID). This ordering occurs in- swer possible world at each frame set by extending the output pos-
herently as frames are received in-order from a camera and thesible world for the previous frame set. More specifically, at each
processing follows the same order. A possible world for a given frame set we would expand the previous output hypothesis (i.e.,
snapshot of the streaming relation at a frame nunfheepresents possible world) with associations for the newly received data items.
a complete data association for all the received frames (fram While it is relatively cheap, it is not optimal to only build upon
f). When a new framef + 1, is received a new possible world, the single best hypothesis at each frame, because a lower rank-
including associations for framg + 1, is to be formed. Figure 3 ing hypothesis may end up ranking higher as new “evidence” (i.e.,
represents a single-camera scenario. In the multiple-camera caseframes) is observed. As the best hypothesis for a frame set may
the uncertain relation is augmented wit@ameralDfield, and the be significantly different from the previous best hypothesis, com-
processing is done in terms of synchronized sets of frames. puting multiple hypotheses makes it more likely to find the best



hypotheses in the next frame sets. In other words, keeping multi- *" data item. For the tracking application, new objects represent

ple hypotheses enables some degree of error recovery in the datahe possibility that a new person enters the camera view. The so-

associations of the earlier frames. Finally, another reason for com-lution to the CP, an assignment for ea&h, specifies a complete

puting multiple hypotheses is that the ranking results are based onassignment for the items in this time point.

uncertain information and therefore the distinction between the top

ranked possible worlds is not absolute. As each one of the previous top-k possible worlds has a separate
list of objects, both the objects and the assignment sc6rede-

As such, the Multi-Hypothesis Tracking (MHT) model [2, 3, 4] has pend on the previous (i.e., parent) possible world. Hence, in the

been the most widely adopted approach to real-time PDA. While CP-based method we initially createseparate CPs, one for each

multiple realizations of this model are possible, the common idea parent possible world. All CPs are then solved to obtairew pos-

is to keep track ok-best hypotheses, whekeis decided (often in sible worlds, where each possible world is the best solution based

an ad-hoc manner) subject to real-time processing constraints. Weon its parent possible world. More specifically, each new possi-

also adopt this popular and practitap-k approximatioomodel as ble world is formed by combining the assignments from its parent

the basis of our solution; however, as we describe below, we extendpossible world with the new assignments obtained from the CP so-

and significantly improve upon the existing solutions. At each time lution. These solutions together with the CPs are inserted into a

point, we incrementally compute thebest hypotheses based on priority queue using which we obtain the new sekdjest possible

the most recent-best hypotheses. Each hypothesis is formed from worlds. The complete CP-based method is given in Algorithm 1.

a combination of a previous hypothesis with a set of assignments

for the most recent time point. Algorithm 1 CP-based algorithm for PDA problem

1. state= {{cp1, soln1}, ..., {cpk, solny}}

Observe that each possible world represents a separate set of ob-2. topk= ()

jects (e.g., people) and the objects which are not part of the same 3. while |topk| < k do

world cannot coexist. However, the representation in Figure 3lacks 4.  {cp, s} = state.pop()

the information on object-to-possible world relations. This map- 5.  topk.insert(s)

ping of objects to possible worlds is stored in a separate DB re- 6.  cp,ew = cp.update(s)

lation. This approach has the advantage that there is still a single 7. s,,c., = cppew.solve()

uncertain relation (instead of one for each possible world) and tu- 8.  state.inserf{cpnew, Snew})

ples for common objects across possible worlds can be shared.

4.2 Execution Methods At each iteration of the while-loop, the current best solution is taken

. . . . ) from the priority queuegtate and added to the results ligbpk).
In this section, we discuss different top-k based execution methOdSMoreover the CP of the best solution is modified to obtain the

for the PDA query. In each case, we assume that we are given a sef oy pest solution, which is then added to the priority queue. If
of data associations corresponding to the most recent time point, t0-the solution is a set of assignments — j; for 1 < i < n and

. . . . . - K = =
gether with the previouk-best possible worlds to start with. Given € 1.....m+n, then the modification to the CP consists of

this input, the expected output of the query is the new top-k possi- z;dding a new constraint,X; # j;, to remove the current solution
ble worlds and their scores. from the solution space.

4.2.1 Constraint PrOgrammmg As mentioned before, to solve a CP a constraint solver performs
Our first solution is based on a constraint programming (CP) [22] an efficient search on the space specified by the domains of the
formulation of the PDA problem. The main advantage of a CP- problem variables [21]. Hence, our CP method can be viewed as a
based approach is that it enables the use of existing powerful con-search-based MHT implementation equipped with constraint reso-
straint solvers [21] to solve the PDA problem. In addition, a variety lution techniques. For comparison, we also implemented a search-
of constraint types, already efficiently supported by the constraint based MHT algorithm as outlined in [4] which performs a breadth-
solvers, are immediately available for use. Givenobjects (all first search on the set of assignments using score-based bounds fo
the objects belonging to a possible world) andssociation items pruning. However, in our experiments it was outperformed by the
(blobs or features) received in this time point, we define a CP for CP solution and in this paper we do not provide the results for this

the PDA problem as follows: search-based method.

CP for PDA problem:

Let X1, X»,... X, bevariables with domain®; ={1,2,...m}U 4.2.2 Ranked Search

{m+i},1<i<n. Our second solution, thRanked Searcimethod, accesses the tu-
ples in an uncertain relation in score order, similar to the top-k

Let C[i][j] = { score of assigning” item toj*" object. query processing techniques in probabilistic DBs [6]. Consider the

case where each tuple belongs to a single mutual exclusion group
o . (MEG) and there are no additional constraints as in probabilistic
mammmH Clix) DBs. The possible world with the best score then consists of the
s.t. X; € D;, constraint_list maximum score assignments in each MEG. If we sort the tuples in
N each MEG by score, th#"-index tuples (i.e., the top score tuples)
in each group identify the best solution. In this case, as the algo-
This formulation is very similar to the constraint program given rithm finds the best solution immediately after sorting, its run-time
in Section 2.2 except for the variable domain definitions. In this complexity to find the best solution (nm log m) wheren is the
case, the firsin objects are previously existing objects, whereas number of items in the current time point andis the number of
the (m + 1) object represents the creation of a new object for the objects.



(i 0,0.0* 000 ™ 000 depends on the given set of constraints. We discuss how to effi-
top_k /N /N _ciently _resolve constraints using constraint-based pruning strategies
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100 010t 001 | t 1 L . . o
t t t We consider a variety of commonly used constraints in PDA ap-
top_k top_k top_k plications. We support generic boolean constraints on data associ-

{0,0,0}, {0,1,0} {0,0,0},{0,1,0}, {0,0,1}  {0,0,0}, {0,1,0}, {0,0,1},{0,2,0}

ations, and user-defined function-based constraints. In 85.1, we
present generic constraint resolution techniques for boolean and
function-based constraints. Then in 85.2, we discuss how to uti-
Observe that, the next best solution will have a single 1 in its set lize existing specific constraint resolution techniques using as ex-
of indices together with all the 0s. Hence, starting from the best ample abipartite matching24] algorithm for efficiently supporting
possible world, we can search for the top-k possible worlds using a commonly usednique-assignmemonstraint.

index increments. In Figure 4, we illustrate this process for the case

with 3 MEGs and 3 tuples in each MEG to find the top 4 possible 5.1 Generic Constraint Resolution

worlds. In the CP-based method, boolean constraints on assignments are
embedded in the CPs. For instance, based on the physical locations
of the cameras, we might know that two items, and X, cannot

be the same objectX; # X»,. This is called a 'pairwise inequal-

ity’ constraint. On the other hand, the user-defined function-based
constraints cannot be handled this way. Such constraints are eval-
uated separately: each possible world, obtained as the solution to
a CP, is checked for satisfying the function-based constraints. If
the constraints are not satisfied, the CP is modified as described in
§ 4.2.1 to obtain the next best solution.

Figure 4: Example execution of theRanked Search method.

At each step of the algorithm, we add the possible world with the
next best score, denoted with a *-sign in Figure 4, to the top-k
list. The newly added world is also expanded using index incre-
ments to obtain a set of child possible worlds. Each index-set also
has a pointer to its leftmost modified index (i.e., the red arrows
in Figure 4). During the expansion, only the indices before the
index pointer can be modified. This restriction guarantees the dis-
tinctness of the possible worlds reachable by the expansion of the
newly added worlds. In other words, each branch of the search tree
explores a distinct sub-space. We make the following observations

. . In the Ranked Search method, both boolean and function-based
on the search-tree produced by this expansion process:

constraints are evaluated together on possible worlds before being
added to the top-k list. In the case that a possible world fails a
boolean constraint, we only need to consider modifying the vari-
ables that are part of the constraint to obtain a solution. Therefore,
during the expansion process in §4.2.2, the index incrementing op-
(i) All possible values of the index-set are reachable (based on eration is only performed on the variables of the failed constraint(s).

property (i)) and no value is produced more than once (based For instance, in the case of the pairwise inequality constraing

on the property that only the modifications before the index- X, the index incrementing operation will only change the vari-

(i) Let the sum of the values of an index-set &ie Then, the
index-set is at levet of the tree and is reachable drsteps.

pointer are allowed).

(i) All ancestors of an index-set have less or equal values at each
index position and therefore have higher score values.

Then, the run-time complexity of the algorithm to find the top-k

ables X; and X,. The other child possible worlds are pruned,
without being formed, as it is certain that they cannot satisfy the
constraints. To handle the user-defined function-based constraints,
we provide an interface using which functions can return the set
of assignments to change for satisfying the constraints. Given this
information, function-based constraints can be handled similarly.

ossible worlds i€ (nm log m +n(k —1)). The second term rep- ‘e . .
I?esents the worst c(ase scgenario gor thg)number of nodes expricmde(las'2 SpeCIfIC Constraint Resolution
during the search process. The search tree in Figure 4 is used folWe observe that not all constraints can be handled efficiently using
illustration purposes only. In practice, a priority queue, enabling the generic constraint resolution methods described in 85.1. Specif-
immediate access to the possible world with the best score, is usedically, in the cases where the violation of a constraint is caused by
The describedRanked Searcimethod only works for the case in  a large subset (or all) of the assignment items, the generic methods
which there is a single parent possible world in the previous time may take a long time for resolving the constraints. For this kind of
point (i.e.,k = 1). To handle the more general case with multiple constraints, it can be more efficient to use specific constraint res-
possible worlds, we only need to modify the algorithm (i) to gen- olution techniques. In this section, we discuss how we can utilize
erate a separate root index-set for each parent possible world ancexisting efficient solutions for such constraints in our framework.
(ii) to make index increments aware of the parent possible world
by skipping the indices of the tuples not belonging to the parent Constraint Solvers are already equipped with optimized solution
possible world. The rest of the algorithm is unchanged and each algorithms for resolving specific constraints includ#igDifferent,
index-set, regardless of its parent possible world, is inserted into Range Sequenceonstraints and others [21]. These constraint res-
the same priority queue. olution techniques can be utilized by embedding the query con-

straints in the CPs. In this section, we consider the unique-assignment

Finally, constraints and their evaluation constitute an important part constraint, which specifies that a given set of items are to be as-
of theRanked Searcimethod. To support the use of constraints, we signed to distinct objects. The unique-assignment constraint can
modify the algorithm to check the constraints on a possible world be solved efficiently using th&lIDifferent constraint, which forces
and add it to the top-k list if and only if it satisfies the constraints. its argument variables to assume different values from one another.
As discussed before, in this case the complexity of the problem Observe that the unique-assignment constraint can also be expresse



as multiple pairwise inequality constraints in which case the solu-
tion will be much less efficient. 1
c?

P(|Y_CRi —npu| 2 ev/no) <
The Ranked Search method is ill-suited to efficiently solve the unique- 1

assignment constraint as its solution would be based on pairwise

inequality constraints. The worst-case scenario would be the caseHere, > C'R; is the cumulative change rate of the tof§ possi-

of bipartite matching in which all the variables are to be assigned ble world and>." CR; = %_ Finally, we remove the abso-
different values. This is a common constraint in the case of fea- ute sign from the inequality to only consider the cases where the
ture tracking in which all the features are to be matched against argument has a positive value. Otherwise the cumulative change
each other. However, there is an efficient algorithm, the Hungarian rate is less than its expected value, which means that the possible
Method [24], that solves the bipartite matching problem in poly- world scores are close to each other. Therefore, given a probability
nomial time. We can incorporate this algorithm within the Ranked threshold,(_%, our stopping condition is simply the given inequality
Search method by replacing the index incrementing operation with test. This method is used together with a timeout mechanism or a
the Hungarian method for the cases where the unique-assignmenmaximumk value for the cases when the test always passes.
constraint is violated. Observe that we can use this method to

handle constraints on subsets of variables by solving a subprob-g_2 |mproving the Association Accuracy

lem in which only the constrained variables are free and the rest
of the variables are fixed. This hybrid constraint resolution tech-
nique enables the Ranked Search method to efficiently solve com-
plex constraints using specialized algorithms. The Ranked Search
algorithm will correctly compute the set of top-k possible worlds
as long as the integrated constraint resolution methods are optimal. 6.2.1  Accuracy Metrics

Given the ground truth (GT) data association for a PDA problem,
there are various forms of accuracy metrics for data association [25]
An intuitive metric, variations of which are widely used by track-

) . . ing applications, is the sequential accuracy, in which pairs of items
6.1 Reducing the Computation Time associated with the same object in sequential time points / frames
Until now, we assumed that the parametdor a query has a user ~ are identified and compared with the GT. If the GT also has the
specified and fixed value (similar to top-k queries). In practice, 9given items assigned to a single object, the item is said to be cor-
however, it is not clear how to set this value. In addition, it is rectly associated, or a true positive (TP). If the association only
likely that differentk values are better fitting for data association at €Xists in the query result but not in the GT, it is called a false pos-
different time points, thereby requiring an adaptive mechanism to itive (FP). Finally, if the association exists in the GT but not in
adjust the value of during runtime. The reason is that, depending the result, it is a false negative (FN). Then, the well-accepted pre-
on the score distribution, the top possible world scores could be cision and recall metrics of Information Retrieval can be applied:

.. ol _ TP _ TP H
very similar or really far apart. In the latter case, lower ranked Precision= 757+ and recall= 5. Observe that, this

possible worlds, though still within top-k, are unlikely to lead to Metric focuses on individual item associations instead of continu-

top-k possible worlds in the next time points and therefore will not 0Us object tracking. Hence, itis possible that each object is tracked

contribute to the query result. correctly for a small number of frames but a high accuracy score
is obtained. For instance, consider a single object video stream of

Based on this observation, we propose an adaptive mechanism that0 frames, for whicls different2-frame long objects are output as
dynamically adjusts thé-value based on a statistical test, instead the tracking results (i.e., every two frames tracking fails and a new
of using a fixed value, and reduces the computation time without objectis detected). In this case, the sequential accuracy would have
significantly changing the query results. At a high level, we keep 100% precision and0% recall. For this reason, we can also use
track of the change between the scores of the top possible world and®n object-based metric that compares the objects in the query result
the topi*" possible world. When this change has a low probabil- With the GT. In this case, we compare the first detected item for the
ity, according to the gathered statistics, we stop generating possibleobject that an item is assigned to in the query result, with the first
worlds (i.e. k is set toi) and return the result. detected item of the corresponding object in the GT. TPs, FPs and
FNs are defined similarly to the sequential accuracy metric.

In this section, we first discuss how to measure the accuracy of the
PDA query results and then present methods to increase accuracy
without increasing the query processing times.

6. OPTIMIZATIONS

More specifically, we define a variabieR;, the change rate of the o ) )
topi*" possible world: Our top-k approximation method is based on the assumption that

Di — Pit1 given relevant score assignments for data items (i.e., not conflict-
CRi = 1 ing with the GT), there is a strong correlation between high possi-
ble world scores and accuracy. This relationship is demonstrated

. n ) experimentally in Section 7.
wherep; is the score of the top'" possible world. We assume that

change rates are i.i.d. variables with mgeand variance®. Then

based on the Chebyshev’s Inequality [17] we have: 6.2.2 Hypothesis Sampling
In general, we expect the accuracy of the query results and the top

possible world scores to increase with increasing valués (oh-

til the maximum score possible worlds are obtained). Therefore,
the first method of increasing accuracy is to increasektiialue.
However, the value ok is limited due to computational reasons.
wherec > 0 is a constant. We use a cumulative version of this Depending on the specified constraints and for large valués of
inequality: both the CP-based method and the Ranked Search method may take

1
2

P(ICR: — pl 2 co) < -



a long time to find the top-k possible worlds. In the worst case, an based on the RGB color space [18]. The color-histogram match-
exponential number of possible worlds may need to be enumerated.ing function computes a score based on the similarity of the color-
In addition, a lower-ranked possible world in a frame set could lead histogram of a data item with the color-histograms of an object.
to a high score possible world in later frame sets as the change inWe use an intersection-distance based function for computing the
scores across frame sets is unlikely to be the same for all possiblesimilarity of two color-histograms. The intersection-distance func-
worlds. Given a fixedk value, such possible worlds could be pre- tion first normalizes each color-histogram and then sums the min-
maturely eliminated. Finally, high score possible worlds tend to be imum of the values in the two histograms for each bin. On the
very similar in terms of their assignments which reduces the ability other hand, for the location-based matching function, we model the
to recover from erroneous assignments. motion of objects using a Kalman-filter [16] and use its prediction
results in location estimation. In our experiments, matching score
We now add an additionaampling stepo the Ranked Search is computed as a weighted combination of the color-histogram and
method to address the mentioned issues. After the top-k possiblelocation-based similarity functions.
worlds are found, we sample from the rest of the already com-
puted possible worlds. The sampled possible worlds that satisfy The objects considered for tracking in the experiments are peo-
the constraints are added to the top-k list. The sampling itself can ple and foreground image features. There are a variety of image
be done uniformly at random or weighted by score. Observe that features available for tracking, In this study, we use a corner fea-
the newly added possible worlds (i) are not necessarily high-score ture [20] provided by the VXL computer vision library. In ad-
possible worlds and (i) increase assignmdimersity(as they orig- dition, in a tracking application each object must be represented
inate from different parent possible worlds). Finally, notice that with a model based on the information required by the similarity
the sampling does not notably increase the computation time as itfunctions. The representation model for objects is application de-
is performed over the already computed possible worlds; i.e., no pendent. In our implementation, the object representation models
additional iterations are performed to form new possible worlds.  consist of a motion model and a bag of color-histograms.

7 EXPERIMENTS In our experiments, we normalized each similarity function to re-
turn a unit value. In addition, to avoid numerical underflows we
; use the logarithm of each assignment score and maximize the sum
7.1 EXpenmental Setup of the log-scores instead of the product of the scores. The scores
In this section, we present an experimental evaluation of our al- reported in the experiments are log-scores unless otherwise stated.
gorithms using the visual tracking application described in Section

2.4. We note that it is common practice to derive probability values from
the scores assigned by user-defined similarity functions in many
7.1.1 Testbed real-world applications (such as handwriting recognition, document

. classification, and keyword-based Web search) in a manner similar
We have setup a 24 camera network (indoors) over a 100Mbps , the way we describe it here for visual tracking. The discussion of
wired LAN in our department as our testbed. In our setup, each petier probabilistic models is outside the scope of this paper. Our
camera [8] captures 5 frames (of size 640x480 pixels) per secondapproaches do not make any assumptions about how the probability
(fps) and continuously forwards frames to a desktop computer in \51yes are derived and thus can work with alternate interpretations.
the same LAN for processing/storage. Although we limited the
frame rate to avoid overloading the network, we point out we re- |, section 7.2, we present experiments on the relation between ac-

port processing times (per frame) that demonstrate that our systen;racy and possible world scores using synthetic datasets. Then in
can easily cope with much higher data rates. Section 7.3 we present experimental results using real datasets.

Video streams are processed by our computer vision (CV) library 7.2 Tracking Accuracy

which extracts blobs and other image features and stores them in ] : o

a central DB. Our framework supports both real-time tracking on N this experiment, we use a single-camera synthetic video stream
live videos and tracking on recorded videos using the central DB. of 10 frames formed by rotating a single imagelegrees clock-

For repeatability purposes, in the experiments reported here we usevise (with respect to its upper left corner) per frame. features,
previously recorded videos. Our CV library, tracking application extracted from the foreground pixels in the original image, are ro-
and all other tools are implemented in C++. We use the VXL li- tated with the image. Hence, each feature performs a circular mo-

brary [9] for image processing and the ILOG [21] constraint solver tion with the same angular speed. As a result, we know the exact
to solve constraint programs. feature locations (i.e., the ground truth) in all frames using which

we can precisely compute tracking accuracy. This is a common
7.1.2 Cooking Images: From Raw Data to Relations trick” used when evaluating tracking solutions.
We now describe how we "cook" the images. Notice that cooking is We tracked the features using Ranked Search with différesat-
in general application-specific; we simply apply common practice ues (froml to 500). The accuracy vs. score comparison for the top
and techniques and describe them for completeness and facilitatepossible world obtained with each value fofis provided in Fig-
repeatability. ure 5(a). The used accuracy metric is the object-based metric de-
scribed in Section 6.2. The shown curve is the precision curve and
Color-histogram and location-based matching [18] are the two sim- in this case it is the same with the recall curve as we used bipartite
ilarity functions used to compute data association scores in this matching and each false negative also caused a false positive (and
study. A color-histogram represents the color distribution of the vice versa). The score values are normalized to fit in the accuracy
pixels in a given image region. Our color-histogram implementa- interval. The general trends (i) increasing score with increasing
tion is a3-dimensional histogram with bins in each dimension k value and (i) increasing accuracy with increasing score are dis-



In this experiment, we compare PDA query execution methods us-

0.48

0.46 ing a video stream a68 frames from3 video cameras8(4 total

0.44 - frames). In this case, we are trackidgpeople walking towards

042 - each other, crossing paths and leaving the camera views in separate
g o4 directions. The query execution times for each method is shown in
3 038 (scaled) Figure 6(a). A uniqueness constraint (i.e., blobs in the same camera
< 036 & accuracy are assigned to different objects) is enforced.

034

032 The CP-based method, despite usingAlBifferentconstruct (85.2),

is unable to handle large values/ofind requires seconds for pro-
cessing: values greater thas0. The Ranked Search method (with-
out the constraint resolution techniques) performs much better. The
(a) Accuracy and Scaled Log-Score best performance is obtained with the Ranked Search method us-
ing the constraint resolution (Ranked SearchCR) techniques.

0 100 200 | 300 400 500

1 ) 4 * Observe that, while the Ranked Search method in general requires
/ longer execution times for the largkwvalues, in some cases it can
08 =@~-score ratio take longer times for smaller values bfas well. The reason is
06 / the lack of CR techniques which makes the execution time mainly
’ ’_./ dependent on the constraint instances. While there are2ody-
04 ple in this video, there are also noise blobs being observed due to
M imperfect detection of foreground pixels which makes the problem
02 harder. The query results obtained with all the execution methods
.V.'/ are the same and we show the best score obtained with each value
Y ' ' of k in Figure 6(b).

0 100 200 , 300 400 500

(b) Top Score Ratios 7.3.2 Constraint Resolution

|. Generic Constraint Resolution: In this experiment, we analyze
Figure 5: Experiments on the score and accuracy relationship ~ how the query execution times change with (i) the number of tracked

objects and (ii) different levels and types of constraints using a

fixed value ofk = 10 and generic constraint resolution techniques

played. Based on this result, in the rest of the experiments, we use(85.1). The test video contains 20 frames from a single camera.
increasing score values as indicators for increasing accuracy.

Local ConstraintsLocal constraint@are constraints that affect only
We should point out that the association accuracy reported in our @ small subset of the variables [22]. As a local constraint example,
experiments is fundamentally a function of the quality and resolu- We consider the Pairwise Inequality constraint (§5.1) (affects only
tion of the underlying raw data and the similarity functions used. 2 variables). In Figure 6(c), we show the average query execution
As such, the nominal accuracy values achieved is not an indicationtimes (per frame) for tracking different number of features @8,
of how well our proposed a|gorithms work. These values should 37, 53 and 65) under different constraint levels. The constraint
be interpreted in a relative manner; e.g., our algorithms should not level specifies the ratio of the features on which pairwise inequality
unnecessarily degrade the best possible accuracy achievable in ougonstraints are placed. The results show that the increase in the

setting in order to improve processing efficiency. number of features for low constraint levels does not notably affect
the execution time. However, the execution time becomes more
The maximum achieved object_based accuraeyzxg%) is low. sensitive to the number of features as the constraint level increases.

However, with the sequential accuracy metric, we obtained val- ) _ _ _
ues betwee®0% for k = 1 and93% for & = 500 on the same Global ConstraintsNow we consider the unique-assignment con-
results. The high sequential accuracy shows that while frame-by- Straint (§5.2) which is alobal constraint(affects all variables).
frame tracking is accurate, feature-to-object mappings are mixed In Figure 6(d), we show the execution times for tracking different
up. The reason is the lack of prior information on the feature mo- number of features with varying levels of the unique-assignment
tion models. In addition, the color-histogram function was not used constraint. In this case, the constraint level specifies the ratio of the
in this experiment since the features across frames are identical (thefeatures on which a unique-assignment constraint is placed. When
color-histogram would therefore provide certain information). the constraint level i4, the problem is equivalent to the bipartite
matching problem. The results show that it is much harder to solve
The scores shown in Figure 5(a) and the rest of the section are log-the unique-assignment constraint with the generic constraint reso-
based. However, in Figure 5(b), we show how the actual score lution methods. We can only obtain the full range of results for the
value (i.e., not log-based) changes with k-value for the same resultscase with15 features. With larger number of features, we ran out
in Figure 5(a). The values are normalized using the best score. ~ of memory before we could find the top-10 possible worlds.

1. Specific Constraint Resolution - Bipartite Matching: In this ex-

7.3 TraCkmg Methods and Performance periment, we focus on the specific constraint resolution techniques
within the context of bipartite matching (i.e., one-to-one match-
7.3.1 CP-based method vs Ranked Search ing of features to objects §5.2). The test video contains 23 frames

with an average number of 38 features per frame. We execute fea-
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Figure 6: Experimental results of the comparison of PDA Query Exeution Methods, and Generic/Specific Constraint Resolution
Techniques.

ture tracking for different values (froml to 500). The average reduce the average computation timeld2ms (= 19%) and still

query execution times are given in Figure 6(e). The execution obtain a similar top possible world score. Similarly withoms

time increases linearly with the value bf Though, we were un- time limit, we can use a threshold 0075 and reduce the average

able to compute the topd possible worlds using generic CR tech- computation time bys7ms (= 11%) without a significant loss in

niques for more thari5 features and level-unique-assignment  the best-score. The vertical lines in Figure 7(a) indicate this reduc-

constraint, with specific CR techniques we could obtain these re- tion in computation for these accuracy-cut based threshold values.

sults fork = 500. In addition, we show the score curve for the best For larger threshold values, the achieved best-score is smaller. The

score obtained with each value/ofn Figure 6(f). reason is that the possible worlds that generate these best-scores are
prematurely eliminated during processing.

7.3.3 Adaptive-k Processing
7.3.4 Hypothesis Sampling

In this experiment, we analyze the effects of the adaptive-k mech-
anism using different threshold values and frame processing time In this experiment, we focused on the effects of sampling on per
limits, described in 8 6.1, on the score and execution time per- frame average execution time and score performance of the Ranked
formance of the Ranked Search algorithm. We track the people Search algorithm. For comparability purposes, we used the same
in a video of23 frames using the Ranked Search algorithm with 23-frame video with the Adaptive-k experiment (87.3.3). There are
the adaptive-k setting. The time limit specifies the maximum time three different dimensions for the algorithm settings used in this
allowed for processing a single frame, which is used to time out experiment: (i) frame processing time lim250ms and500ms)
processing when the adaptive-k test is unable to stop processing(ii) adaptive-k mechanism (used with a thresholdodf5 or not
Average per frame query execution times are shown in Figure 7(a) used) and (iii) uniform sampling with different rates. The sampling
for different values of the threshold and the time limit. is done as an additional step as discussed in 86.2.2. The experiment
results for all combinations are shown in Figures 8(a) and 8(b).
With a 250ms time limit, the adaptive-k mechanism is unable to
notably reduce the computation time even with the larger values of The sampling rates), 1 and2, specify the ratio of sampled pos-
the threshold. As discussed in §6.1, the threshold indirectly speci- sible worlds to the already computed top-k possible worlds. For
fies the maximum cumulative drop in possible world scores before instance, with a sampling rate of if top-10 possible worlds are
processing is stopped. The fact that the adaptive-k mechanism iscomputed using the Ranked Search algorithm, theadditional
unable to stop processing means that the possible worlds generategossible worlds are sampled from the rest of the computed possi-
in 250ms are all within the score limits specified by the threshold. ble worlds. In Figure 8(a), as predicted in § 6.2.2, we show that
sampling does not increase the execution time of the tracking al-
For larger values of the time limit, the adaptive-k mechanism is gorithm. In Figure 8(b) we compare the best-score obtained for
able to reduce the average frame processing time. However, this iseach setting of the tracking algorithm. The results show that in all
possible due to a trade-off between score and processing time. Thecases a higher score is obtained with a larger time limit. However,
score values obtained in the experiment are shown in Figure 7(b). it is still possible to improve the achieved score using sampling.
For a750ms time limit, we can use a threshold value0od5, to For the sampling rat@, the score is improved significantly for the
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250ms time limit, approaching the score obtained with 566ms
time limit, both with the adaptive-k mechanism and without it. The
relative score improvement for tH®0ms case is less. Yet with
a sampling rate o2, a score of—610 is achieved, which is the
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Figure 8: Experimental Results for Hypothesis Sampling

proach. In JPDAF, multiple items could be assigned to an object
and each object model is updated based on a weighted combination
of the data items assigned to it. Observe that, in JPDAF there is no
specific data association, instead an object-based view, describing
the model of each object, is provided to the user.

best observed score in this case, and beats all non-sampling based

scores and the scores achieved Wisms time limit shown in the
adaptive-k experiment.

8. RELATED WORK

Multi-Hypothesis Tracking (MHT) [2, 3, 4] is a widely used model
of data association with many applications, which forms multiple
hypotheses to track objects. Similar to our work, in MHT imple-
mentations [2, 5] a top-k approximation is used for finding high
score data association hypotheses. In [5], an MHT implementation
based on the bipartite matching algorithm is provided applying to
one-to-one matching problems only. As in our CP-based method,

the problem is repeatedly divided into separate problems which are

solved optimally till top-k solutions are found. However, our query
optimization techniques for improving the efficiency and accuracy,
as well as our integrated constraint resolution framework, are novel

and, as we demonstrated experimentally, provide significant bene-

fits enabling real-time PDA with high accuracy.

Other data association methods include the Global Nearest Neig
bors (GNN) [18] method, in which each data item is assigned to
the object it most likely belongs to. In GNN, items are assigned
independently and without any constraints. In addition, GNN is

unable to recover from erroneous assignments. Another data as

sociation method is the Joint Probabilistic Data Association Filter
(JPDAF) [19], which unlike MHT and GNN is an object-based ap-

A top-k query on uncertain data computes the kestults accord-

ing to a given rank function. In prior research on probabilistic DBs,
top-k queries were extensively studied [6, 10, 11, 13] and there has
been different formulations of top-k queries targeting different ap-
plications. For instance, in [6], definition for two types of top-k
queries are givent-TopkandU-k Ranks The U-Topk query re-
turnsk tuples which has the highest probability of being the top-k
tuples in all possible worlds. In the U-k Ranks query, the result is
a list of k tuples where thé'" tuple has the highest probability for
being thei'" ranked tuple in all possible worlds. The PDA query
introduced in this paper involves a top-k approximation and can
be viewed as a continuous top-k query. However, our main goal
is to find high score possible worlds at each frame instead of find-
ing the best-k hypotheses for a single frame. In addition, the PDA
query results are complete possible worlds, not partial assignments
obtained from possible worlds.

In [12], authors consider the duplicate detection problem for data
integration and cleaning. The proposed solution is to view the dirty

p.database as a probabilistic DB and the clean database is then de-

fined as one of the instances of the probabilistic DB. While this
definition is similar to our formulation of the PDA problem, their
goal (to answer queries over the clean DB without computing it)
and methods (involving query rewriting techniques) are different.

9. CONCLUSIONS
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