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Abstract. Although there have been many eﬀorts for management of
uncertain data, evaluating probabilistic inference queries, a known NPhard problem, is still a big challenge, especially for querying data with
highly correlations. The state-of-art exact algorithms for accelerating
the evaluation of inference queries are based on special indices. Besides,
with the observation of the existence of many frequent queries, some
researchers try to improve eﬃciency by reusing previously queried results. Indexing depends on the static properties like data distributions,
whereas caching is in favor of the dynamic features like query workload.
In this paper we propose a new approach for speeding up the evaluation
of inference queries by caching frequent results in a junction tree-based
hierarchical index. To the best of our knowledge, this is the ﬁrst eﬀort on
utilizing both the static (data) and dynamic (query workload) properties
to eﬃciently evaluate probabilistic inference queries. Moreover, according
to our experience, diﬀerent caching strategies may signiﬁcantly aﬀect the
query performance. Basically a good caching strategy needs to have high
cache hit ratio with limited space budget.Based on these considerations,
we propose a novel caching approach, called FVEC, and present corresponding algorithms for eﬃciently querying correlated uncertain data.
We further conduct a series of extensive experiments on large uncertain
datasets in order to illustrate the eﬀectiveness and eﬃciency of our proposed approaches. As illustrated by the results, compared with previous
solutions, our method could greatly improve the query performance.

1

Introduction

Recently data uncertainty becomes an intrinsic property in many applications.
For example, in an information integration system [6], the automatically generated schema mappings could be imprecise. Hence the data in the integrated
database would be uncertain. As another example, when extracting information
from unstructured data like web pages, top-k possible results would be generated and the database obtained would be a probabilistic database [18]. Due to
W. Meng et al. (Eds.): DASFAA 2013, Part I, LNCS 7825, pp. 472–486, 2013.
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its high applicability, the management of uncertain data is attracting more and
more research interests during the past decade.
One of the core problems for managing uncertain data is the evaluation of
probabilistic queries, a known #P-complete problem [5]. Generally, a probabilistic query is to compute the probabilities of some complex random events based
on the joint distribution of all the uncertain data items in a dataset. In probabilistic theory, it is exactly the process of probabilistic inference. Speciﬁcally, we
only discuss the queries of extracting the joint distribution of a set of variables
from the whole joint distribution. But our methods could be applicable for general cases. In this paper, we use the two terms probabilistic query and inference
query interchangeably.
Many research works are proposed for solving this problem. Most of these
approaches are based on the assumption that uncertain data are either fairly
independent or partitioned in independent groups. Kanagal et al. propose a novel
index called INDSEP to eﬃciently query correlated uncertain data [8]. The main
idea of INDSEP is to cluster uncertain data into partitions and organize them
in a hierarchical structure. When evaluating probabilistic queries, INDSEP can
then prune many computation eﬀorts with the hierarchical structure and the
pre-computed shortcut potentials.
The INDSEP structure is designed as a disk-based index. The main part of
the index is stored in disk and will be loaded into main memory in need. The
size of each index node is limited by the size of a disk page. However, as found
in many projects [3,5,9], the major bottleneck of answering probabilistic queries
is not I/O but CPU. Nowadays, it is not that expensive to buy a machine with
several gigabytes RAM, but the response time could still be quite long even if
the whole INDSEP structure has been loaded into the main memory.
On the other hand, in reality the Pareto principle is a common phenomena
in many applications. This principle, also known as the 80-20 rule, states that
roughly 80% of the queries focus on 20% data items [1]. With this observation,
and the availabity of large main memory, an intuitive solution is to cache frequent
results and use them for answering queries. In [15], the frequent intermediate
results are stored in the main memory in order to reduce response time.
The indecis are built based on the static properties like data distributions, e.g.
two variables X and Y would be probably placed in the same partition if they
have strong correlations. On the contrary, when deciding which items should be
cached, the major concern is the dynamic features like query workload, e.g. we
may consider to store the joint distribution of {X, Y, Z} if it is contained by many
previous queries. Intuitively, we can further improve the query performance by
beneﬁting from both the static (data) and dynamic (workload) features. Our
work is motivated by this observation. In brief, our basic idea is to adapt the
INDSEP structure to accommodate the frequent accessed results. We also revise
the original algorithm for evaluating inference queries on INDSEP so that the
cached results could be utilized.
However, this approach seems not to work well if we directly adopt the caching
strategy in [15], i.e. storing frequent intermediate results. According to our
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experimental results, this caching method, called SubQuery in this paper, can
only improve the query performance by about 10% compared with original INDSEP. The reasons are two folds. Firstly, there are huge number of possible intermediate queries and the cache hit ratio of SubQuery cannot be satisfactorily
high. Note that an intermediate query is exactly to extract the joint distribution
of a set of random variables. The number of possible intermediate queries, or
combinations of variables, would be extremely huge when the data set is large.
The second reason lies in its high space consumption. Storing a joint distribution
requires to store all the entries of this distribution, whose volume will increase
exponentially along with the enlargement of the number of variables contained
in the distribution. The SubQuery approach usually requires to cache sub-queries
with relatively large cardinality and consumes lots of space. We will revisit this
issue in Sec. 3.1.
With this concern, we propose a new caching technique, called FrequentVariables, which only store the joint distribution of frequent single variables with
their corresponding separators. Separators are special variables in junction-tree
which are required to connect the partial results from diﬀerent partitions. More
details about separators and junction-tree would be discussed in Section 2. Compared with SubQuery, the Frequent-Variables technique could control the size of
cached joint distributions because usually there are only few separators. In this
way, we could reduce the memory consumption. The cache hit ratio would also
be improved since we now able to reserve more frequent variables.
More importantly, diﬀerent from [15], we are not only trying to match the
intermediate sub-queries with cached results, but also pruning unnecessary intermediate sub-queries and consequentially shortening the evaluation path. Specifically, we ﬁnd that we can use some cached results for acceleration even if the
cached variables are NOT included in a query. Based on this observation, we
propose the so-called Express-Channels technique which could further save lots
of subqueries. Our proposed method integrates these two techniques. Hence we
call it FVEC (Frequent Variables with Express Channels).
Our major contributions in this paper are summarized as follows:
– An approach for eﬃciently querying large volume of uncertain data with
high correlations based on cached results.
– Novel caching approaches for storing the requent results.
– Eﬃcient algorithms for evaluating inference queries based on the cached
information.
– Extensive experiments on large datasets for verifying the eﬀectiveness and
eﬃciency of our proposed approaches.
Next we will review some issues which our work is based on, such as uncertain
data model, the junction tree and the INDSEP structures in Section 2. After
that, we will propose our approaches for caching frequent variables in Section 3,
and a series of techniques to make good use of cached results to prune subqueries
in Section 4. The experimental study will be illustrated in Section 5. Section 6
will discuss related works. We then conclude this paper in Section 7.
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Background Knowledge

In this section, we brieﬂy review several important issues related to our work.
We will ﬁrst introduce a data model for representing uncertain data.Secondly,
we will show the basic idea of junction tree [10], a data structure for eﬃcient
processing of inference queries, and explain the structure of INDSEP [8], an
index for querying correlated uncertain data.

Fig. 1. GRN Representation for a Probabilistic Database

2.1

GRN Model

There have been several models for representation of uncertain data such as
attribute uncertainty and tuple uncertainty [14]. But most models are only applicable for data with no correlations. Recently Chen et al. propose a model
called GRN (Generator-Recognizer Network) for expressing correlated uncertain data [2]. As our work focuses on querying highly correlated uncertain data,
we decide to adopt the GRN model.
The GRN model is a special Bayesian Network. Figure 1 illustrates a simple
example for representing a probabilistic database in GRN. Each node is labeled
with the random variable to which it is corresponded. Each arrow depicts a
dependency among variables and is attached with a conditional probability table
(CPT). The nodes labeled by X1 . . . X13 are tuple variables. Basically each tuple
in the probabilistic database will have a corresponding node in GRN. The nodes
G1 . . . G6 are called generators, which are inserted to express the correlations
among tuple variables. For example, with G1 and the attached CPTs, X1 and
X2 should be mutually exclusive. Finally, the nodes R1 . . . R5 are recognizers
for representing the correlations among X-tuples, e.g. two groups {X1 , X2 } and
{X3 , X4 , X5 } are correlated with the existence of R1 . .
2.2

Junction Tree and INDSEP

Intuitively, the evaluation eﬃciency would be much better if we can perform inference on a small part of the whole distribution, which leads to the introduction
of junction tree [10]. The nodes in the Bayesian network would be clustered into
cliques. Each clique has the property that all nodes inside it are pairwise linked.
A junction tree will be obtained then by applying an elimination sequence on
the triangulated graph.
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In a junction tree, there are two types of nodes, clique nodes and separator
nodes. The clique nodes in the junction tree correspond to the maximal cliques
in GRN and the separator nodes correspond to the vertex sets that separate the
maximal cliques. Suppose χ is the set of all random variables, Ci is denoted as a
clique and sj is denoted as a separator, the overall joint distribution represented
by a junction tree can be computed as follows.

P (Ci )
(1)
P (χ) = Ci
sj P (sj )
After construction and calibration, the potential of Ci (or sj ) is exactly the
marginal distribution of Ci (or sj ).

Fig. 2. The Partition Result for the Junction Tree Builit on Figure 1

Kanagal et al. ﬁnd that we could avoid going into some of these intermediate
nodes if the joint distributions of some special variables are pre-computed. With
this observation, they propose the so-called INDSEP structure [8], which is to
hierarchically partition a junction tree into connected subtrees and subsequently
construct the index. Figure 2 shows a hierarchical partition of the junction tree
built on the above GRN. Each index node in INDSEP corresponds to a connected
subtree of the junction tree, and it has a set of separators which separate this
node from its siblings. A separator is basically a set of random variables. The
joint distribution of all the separators of a node is called shortcut potential and
can be used for speeding up query processing.
For completeness, we now brieﬂy summarize the main idea of answering inference queries on INDSEP. When receiving an inference query, INDSEP will
ﬁrst search for the children nodes of the root which contain the queried variables. Next, a so-called Steiner tree [7] will be constructed which connect all the
target nodes. For each node in the Steiner tree, a subquery will be issued on it
which includes not only the corresponding query variables, but also separators of
this node. For the cases where a subquery contains separators only, INDSEP just
takes the node’s shortcut potential into computation. After obtaining the results
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of all subqueries, the ﬁnal result will be obtained by computing the joint distribution of all subquery results and intermediate separators, and marginaling out
the redundant variables. Note that this process is recursive, i.e. the evaluation of
each subquery will follow the same process before going down to the leaf level.
Imagine in an INDSEP containing thousands of nodes, the query performance
could be quite low when the queried variables are far away from each other.
The performance could still be improved greatly if the results of some queried
variables have been cached.

3

Caching Frequent Query Results

In this section, we will illustrate our approaches for caching frequent query results, i.e. SubQuery, and FVEC. We also give a detailed discussions to explain
why they have diﬀerent performance.
Table 1. Results Cached in Each Node in Example 1
Node
I1
I2
I3
P1
P2
P3
P4
P6

Cache(SubQuery)
Cache(FVEC)
{X1 , X2 , X4 , G2 }
{X1 , G2 }, {X2 , G2 }, {X4 , G2 }, {R1 , G1 , G2 }
{X5 , X6 , X8 , G2 , G4 } {X5 , G2 , G4 } ,{X6 , G2 , G4 } ,{X8 , G2 , G4 }, {R2 , G2 , G4 }, {R3 , G2 , G4 }
{X12 , G4 }
{X12 , G4 } , {R5 , G4 }
{X1 , X2 , R1 }
{X1 , R1 }, {X2 , R1 }
{X4 , R1 , G2 }
{X4 , R1 , G2 }
{X5 , X6 , G2 , G3 }
{X5 , G2 , G3 }, {X6 , G2 , G3 }
{X8 , G3 , G4 }
{X8 , G3 , G4 }
{X12 , G5 }
{X12 , G5 }

Example 1. For ease of illustration, we now give an example before touching
the detailed cache approaches. Suppose we now need to obtain the marginal
distribution P (X1 , X2 , X4 , X5 , X6 , X8 , X12 ) over the INDSEP structure shown
in Figure 2. The query is ﬁrst performed on the root node. Since these variables
locate in I1 , I2 and I3 respectively. The Steiner tree for connecting the two nodes
would be I1 −I2 −I3 . Three sub-queries are then generated for these three nodes,
i.e. (X1 , X2 , X4 , G2 ) for I1 , (X5 , X6 , X8 , G2 , G4 ) for I2 and (X12 , G4 ) for I3 . Note
that when a children node v is queried, its separator Sv must be included in the
query. Otherwise we cannot assembly the ﬁnal result with the partial ones [8].
This process will be repeated for each of these sub-queries until either the result
of a sub-query is found in one shortcut or a leaf node is met.
3.1

The SubQuery Approach

As shown in Example 1, when a query is evaluated over an INDSEP tree, many
sub-queries would be generated. Each sub-query may also be broken down into
several new children sub-queries. Following [15], the SubQuery approach will
store the results of frequent sub-queries at the corresponding nodes. For example,
since the sub-query (X1 , X2 , X4 , G2 ) is queried over I1 , we then store the result
P (X1 , X2 , X4 , G2 ) at node I1 . Similarly, we will store P (X5 , X6 , X8 , G2 , G4 ),
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P (X12 , G4 ) at I2 and I3 respectively. In this way, when processing new queries,
we can avoid re-evaluate some intermediate queries if they are found in the cache.
Table 1 lists the cached data at each node after evaluating the query in Example
1 according to the Subquery approach. Moreover, we attach a memory limit on
each node, and adopt the classical LRU (Least Recently Used) algorithm for
updating a cache when it is full.
Discussions. According to the experimental results, the SubQuery approach
could really save the computation of many sub-queries and reduce the response
time. But the improvement is only about 10% compared with the original INDSEP without any cache. After careful analysis, we ﬁnd an interesting phenomenon that most cache hittings appear in low-level nodes. Due to the recursive
evaluation process, a sub-query generated in a high-level node usually results in
much more sub-queries than one generated in a low-level node. Hence it is more
valuable to kill sub-queries in high-level nodes. In our experiments, most killed
sub-queries by the Subquery approach locate in 4-5 levels (with tree height equals
to 5). That is why the performance is only slightly improved.
Why it is so hard to hit high-level caches? The reason lies in the number of
sub-queries. Note that a sub-query is exactly a combination of variables, and
the number of possible sub-queries would increase very fast when its cardinality
enlarges. On average, the cardinality of sub-queries appearing in high levels
would be larger than that of sub-queries in low levels. Hence there are large
number of possible sub-queries for high-level nodes and the chances of ﬁnding a
new query in the cache would be very low.
Another shortcoming of the Subquery approach is its high memory cost. The
data stored in cache are some joint distributions of several variables. The number
of entries in a joint distribution would increase exponentially with the number
of variables contained in it. For sub-queries with big cardinality, the memory
budget would be quickly run out, and we have to perform the cache updating
very often. Again, this problem will become much more serious in high-level
nodes where sub-queries are quite large. Frequently cache updating causes not
only extra time cost, but also low cache hit ratio.
With these observations, we decide to decompose the results of sub-queries
into small fragments, i.e. results of single variables. In this way, we are able
to accommodate more distributions within the same cache size, and to identify
frequent variables. Furthermore, we ﬁnd that by leveraging some special variables
we could build express channels between the nodes in high-level and low-level.
With these channels, we could skip large parts of the evaluation path and reduce
the overall evaluation time. This approach, called Frequent Variable with Express
Channel (FVEC in short) will be illustrated in the next part.
3.2

The FVEC Approach

The FVEC approach is based on the idea of caching the distributions of frequent
variables. However, it is no use to cache the marginal distribution of any single
variables. For example, we cannot obtain the joint distribution of P (X1 , X2 )
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from the cached results P (X1 ) and P (X2 ) because they are not independent.
Speciﬁcally, we need to choose some bridge variables for a frequent variable
according to the d-separation theorem [2] and store the joint distribution of the
frequent variable and its bridges. In INDSEP, these bridge variables are usually
the separators of the node containing the frequent variable. For example, at node
I1 in Fig. 2, we should store P (X1 , G2 ) at I1 when X1 is found to be frequent
since G2 is the separator of I1 . Similarly, we store P (X5 , G2 , G4 ) at node I2 .
Therefore, if (X1 , X5 ) is queried in the future we could derive it by P (X1 , G2 ) ∗
P (X5 , G2 )/P (G2 ). Here P (X5 , G2 ) could be computed from P (X5 , G2 , G4 ).
Definition 1. Frequent-Variable. Suppose a variable X is found to be frequent in a node v, the Frequent-Variable scheme will store P (X, Sv ) at this node.
Here Sv is the set of separators of v.
Now we explain the idea of express channel. In Example 1, in order to evaluate
the sub-query (X12 , G4 ), we need to build a long evaluation path from the root
node to the leaf node containing X12 . During this process, we must process a
set of sub-queries, i.e. (G4 , G5 ), (G5 , R5 ) and (R5 , X12 ), and obtain the ﬁnal
result based on Equation 1. Suppose next time we want to query X13 . We have
to go through the same evaluation path and evaluate almost the same set of
sub-queries except that the sub-query (R5 , X12 ) is replaced by (R5 , X13 ).
The evaluation of X13 could be accelerated if we cache the result P (G4 , R5 ).
In this case, we just have two sub-queries (G4 , R5 ) and (R5 , X13 ). As shown by
the dotted red arrow in Fig. 2, this cache scheme is like to build a channel from
I2 to the leaf node. Hence we call it express channel. Note that in practical there
could be hundreds of thousands of variables and the evaluation path would be
much longer. Therefore this method could help us cut oﬀ many partial evaluation
path and skip many sub-queries.
Definition 2. Express-Channel. If a node v is accessed, we would store the
joint distributions of Sv and Sv at each ancestor node v  of v.
The major advantage of the express-channel scheme is the ability of killing many
sub-queries in high-level nodes. As aforementioned, with express channels, we can
directly pull the variables from leaf nodes. Moreover, note that with this scheme
we can accelerate queries with no cached variables, e.g. the above query X13 .
This is because these channels are linked with separators and these separators
will be shared by diﬀerent queries.
Finally, the FVEC approach is to store the results according to both frequentvariable scheme and express-channel scheme. The cached data according to FVEC
approach in Example 1 are listed in Table 1. The items cached due to the expresschannel scheme are marked as red color.

4

Processing Inference Queries with Cached Results

We are now ready to illustrate the process of evaluating probabilistic inference
queries with cached results.
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4.1

Querying Algorithm

As explained in Sec. 3, the frequent results are cached in some nodes of INDSEP.
The original algorithm of processing inference queries over INDSEP, as proposed
in [8], needs to be revised in order to make use of cached results. Algorithm 1
lists the main steps of the revised querying algorithm, called queryWithCache.
The revised parts are highlighted in red color.
1
2
3
4
5
6
7
8
9
10
11
12
13

if v is a leaf node then
return extract(v.potential,q);
if config.option = ‘FVEC’ then
v  ← f indExpressChannel(v,q);
if v  is NOT null then
return queryByChannel(v,v  ,q);
construct a steiner tree T for q over the children nodes of v;
Φ ← ∅;
foreach node v  in T do
q  ← Sv ∪ (all variables inside v  ∩ q) ;
if q  is a sub set of any shortcut sc of v or v  then
Φ ← Φ∪ extract(sc,q  );
continue;

16

r ← searchInCache(q ,v  );
if r is null then
r ← queryWithCache(v  ,q  );

17

Φ ← Φ ∪ {r } ;

14
15


φ
 φ∈Φ
;
s∈T P (s)

18

r←

19

return r;
Algorithm 1. queryWithCache(Node v, Query q)

This algorithm works in a recursive manner. When a query q is evaluated, we
invoke queryWithCache and set the root node as its input. Steps 1 and 2 are
to check whether the input node v is on the leaf level. If the answer is YES,
we can directly obtain the result by marginalizing q from v’s potential. The
function extract(F actor, Query) is to extract the marginal distribution of a set
of variables from a factor1 . Steps 4 to 6 are only executed if the programme works
in the ‘FVEC’ mode, i.e. we can use the Express Channel to skip some parts of
the evaluation path. The details of leveraging express channels will be discussed
in Sec. 4.2. If a query cannot be accelerated by express channel, we then build a
Steiner tree at step 7, a path containing all variables in q. Step 8 is to initialize
1

In this paper, we will use the terms “factor” and “distribution” interchangeably and
ignore their diﬀerence in the probabilistic graphical model literatures.
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an empty set for storing results of sub-queries. Next we evaluate each sub-query
for every node v  contained by the Steiner tree (steps 9-17). Firstly, we build
a sub-query (step 10) which contains the variables in v  ’s separators, or in the
intersection of the variables in v  and in q. Steps 11-13 try to ﬁnd the result in
any short-cut of v or v  . If not found in short-cut, we then check whether the
result could be found in cache (steps 14-16). In step 17, we insert the result of
this sub-query into Φ. Finally, after collecting the results of each sub-query, we
obtain the result by Equation 1.
The searchInCache(q, v  ) function (step 14) tries to ﬁnd a match of q in
node v  . Here q matches a cached factor means that q is a subset of the variables
contained in this factor.
4.2

Leveraging Express Channels

The use of express channels to accelerate query evaluation consists of two major steps. Firstly, we need to ﬁnd whether there exists a channel and, if there
are multiple ones, choose the longest one. This task is solved by the
f indExpressChannel(v, q) function. A channel is represented by a children node
of v, which means the item P (Sv , Sv ) is contained in the cache of v. Therefore,
the path from v to v  could be replaced by this channel factor. After that, we
invoke the function queryByChannel(v, v  , q) to obtain the result of q which
would cut oﬀ the path from v to v  .
Algorithm 2 lists the process of ﬁnding express channels. At the ﬁrst step, we
retrieve the lower common ancestor (LCA) of all variables in q because a channel
must be shared by all the queried variables. Hence each common ancestor of all
queried variables is a candidate to construct a channel, with the LCA generating
the longest one. Steps 3 is to check whether the path < v, v  > exists, i.e. the
joint distribution of Sv ∪ Sv is cached. If not, we then set v  as its parent node
and repeat this process. The loop ends if we ﬁnd v  becomes v, which means we
could not ﬁnd a children node of v which can build a channel. A null value will
be returned for this case.
The queryByChannel(v, v  , q) function is not complicated. As listed in Algorithm 3, the input query q is decomposed into two parts. The ﬁrst part, i.e. (v  , q)
is obtained by invoking the queryW ithCache function, which is not costly since
v  usually locates in the levels very close to the leaf node. The second part, i.e.
(v, v  ), can be loaded from cache. The ﬁnal result is then obtained by combining
these two parts with Equation 1 (step 3).

5

Experimental Study

We now report our experimental results. All programs are implemented in C++
under gcc 4.1.2, and run on a machine with six-core 2.4G Hz Intel(R) Xeon(R)
CPU, 16G RAM and Linux 2.6.18. For comparison, we implement the INDSEP
index [8] based on an open source C++ library libDAI2 . Without otherwise
speciﬁcations, each point in the following ﬁgures is an average of 200 runs.
2

http://cs.ru.nl/~ jorism/libDAI/

482

J. Chen et al.

1
2
3
4
5
6

v  ← getLCA(q) ;
while v  != v do
if P (Sv ∪ Sv ) can be found in cache then
return v  ;
v  ← the parent node of v  ;
return null ;
Algorithm 2. findExpressChannel(Node v, Query q)

3

r1 ← queryW ithCache(v  , q ∪ Sv ) ;
r2 ← searchInCache(Sv ∪ Sv , v) ;
r ←  r1 r2P (s) ;

4

return r;

1
2

s∈S 
v

Algorithm 3. queryByChannel (Node v, Node v  ,Query q)
Datasets and Queries. We generate a probabilistic database with one relation
and 100,000 tuples, which is represented in GRN model. The uncertain data is
generated in the way that in GRN, each generator or recognizer is linked to
2-4 tuple variables. For comparison, we also generate probabilistic relations with
10K, 20K, and 50K tuples respectively3 . The inference queries are all about
extracting the joint distribution of a set of random variables. The number of
variables contained in each query varies from six to ten, and on average a query
covers more than 60% range of the whole INDSEP. The queries are generated by
following the Pareto pattern, which means that among all queries 80% queried
variables come from a set containing 20% of the whole variables.
5.1

Parameter Tuning

Firstly, we illustrate our results for choosing appropriate node size, i.e. the maximum number of cliques contained in each INDSEP node. Note that our proposed
approach is main-memory based. It seems as if the larger node size, the shorter
INDSEP tree, and the better query performance.We test diﬀerent node sizes on
querying INDSEP on the 100K dataset. As illustrated by Figure 3, the performance does not keep increasing as the node size enlarges. The reason is due to
the high computation cost of handling node potentials during query evaluation.
This cost will increase exponentially when the node size enlarges and may totally
counteract the beneﬁts obtained from the reduction of tree height. Based on this
observation, we set the node size as eight, the optimal point in Figure 3.
3

By default, the dataset contains 100K tuples.
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We further run a series of experiments to detect the optimal value of cache
size, i.e. the maximum memory consumption permitted to store all the cached
factors. From Fig. 4, we can see that when the cache size increases, the response
time of both SubQuery and FVEC will drop in the initial phase, then increase
a little bit and ﬁnally become stable. When cache size is small, a larger cache
will accommodate more factors and help reduce the response time. But if the
cache size is big enough to store most frequent results, the performance cannot
be increased more. On the contrast, the response time may be longer since there
are many infrequent results reserved in cache and more eﬀorts are needed to
search the cache. As implied by the results, we set the cache size as 200M for
the following experiments. We also compare the cache hit ratio, i.e. percent of
intermediate sub-queries which are skipped due to matched factors in the cache.
We can observe from Fig.5 that the cache hit ratio of FVEC is much higher than
that of SubQuery which is because the advantages of using smaller factors and
express channels. Also, the ratios will be become stable for both methods when
the cache size is big enough, which again explains why the performance will not
increase constantly when enlarging cache sizes.
5.2

Performance Comparison

Overall Performance. Figure 6 shows the comparison of three approaches,
i.e. INDSEP, Subquery and FVEC on the 100K data set. The x-axis shows the
sequence number of queries. Basically a sequence is a group of 200 queries. The
y-axis shows the average response time for each sequence. Clearly, the FVEC
outperforms the other two approaches. The relative improvement with respect to
INDSEP is more than 50 percents. The Subquery approach performs worse than
FVEC but better than INDSEP. This result is coincident with our estimation.
Our proposed approach will increase the cache hit ratio as discussed in Section 4
and it wins the best. The Subquery approach is based on the INDSEP and tries
to utilize cached results for answering queries, so it defeats INDSEP.
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In order to illustrate the ﬁre up phase of collecting frequent variables, we
partially enlarge Figure 6 and show performance of processing the ﬁrst 1,000
queries in Figure 7. Each point of Figure 7 is an average of 20 runs. From this
ﬁgure, we can see that in the beginning, the performance of the three approaches
are roughly the same. During the processing of queries, the response time of
Subquery and FVEC will decrease quickly, while the performance of INDSEP
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has no obvious changes. This because both Subquery and FVEC will cache some
results and use them for answering new queries. Hence their performance will
become better when experiencing more queries.
Finally, we test the average response time of the three approaches on four
datasets for processing 10,000 queries, with sizes of 10K, 20K, 50K and 100K
respectively. Figure 8 illustrates the result. We can ﬁnd that FVEC always performs the best among the three approaches, and the increasing rate is acceptable.
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Breakdown Analysis. We now illustrate why FVEC could perform the best
through several breakdown analysis. Firstly, we want to mention that during a
query evaluation the number of extended subqueries is one of the most crucial
factors which aﬀect the response time. We compare the number of required
subqueries for the three approaches in Figure 9. Again FVEC performs the best.
Recall that FVEC can reduce the number of subqueries by completely matching
subqueries with cached result, and can skip many subqueries by the express
channels based on Algorithm 3.
As discussed before, a subquery may be again broken into a set of children
subqueries if it is issued on an non-leaf node. Hence on average a cache hitting
in an upper level could save much more subqueries than hittings in lower levels.
To illustrate this, we further compare the cache hit levels of the two caching
approaches in Figure 10. Here a cache hit happens if and only if a subquery
terminates by reusing some cached information. The y-axis of Figure 10 presents
the percents of cache hits at each level. From Figure 10, we can see that more
than 90% cache hittings of FVEC happens in the ﬁrst two levels, while most
cache hittings of Subquery appear in the fourth and ﬁfth levels. That explains
why FVEC performs much better than Subquery.
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Finally, we compare the average size of factors, i.e. the number of variables in
a factor. Note that the FVEC approach utilizes smaller factors to accommodate
more cached items 3.2. This motivation is veriﬁed by the results in Figure 11.
At the ﬁrst level, the average factor size of Subquery is much larger than that
of FVEC. We also ﬁnd that this eﬀect is not that evident in lower levels. Note
that a sub-query evaluated in the ﬁrst level would be decomposed into several
smaller sub-queries to the second level. Hence the size of sub-queries in lower
levels would be quite small (usually one or two) and this is why it is hard to
see the diﬀerence in these levels. Remember that the ﬁrst level would be the
most important place to kill sub-queries. Thus FVEC could beneﬁt a lot from
the larger capacity in the ﬁrst level.

6

Related Works

Management of Uncertain Data. During the past decade, along with the
quick development of applications like mobile data management, sensor network,
data streams and data integration, processing uncertain data attract many research interests from the database community. These works are mainly targeted
on uncertain data models [2], probabilistic queries [4,11], uncertain data index [17,8], and uncertain data mining [16].
Querying Uncertain Data. Evaluating probabilistic queries is known to be
#-complete [5]. Many solutions are proposed for improving the performance,
including Monte-Carlo sampling [4], veriﬁcation and reﬁnement approaches [19],
and uncertain data index [17] etc.. All of these works assume that there are no
correlations or only locally correlations, i.e. each uncertain data is only correlated
with several data items, and independent of others. Hence they are not applicable
for the applications where uncertain data are highly correlated with each other.
Works on querying correlated uncertain data usually represent uncertain data
by probabilistic graphical models (PGM) and regard this problem as performing
inference on PGM. Sen et al. utilize the shared correlations among uncertain
data to simplify the original PGM and reduce the query evaluation time [13].
In [8], the INDSEP structure is proposed for indexing correlated uncertain data,
which is adopted by this work. In [12], probabilistic inference is transformed to
SAT and existing solutions for SAT could be adopted for solving inference. None
of these works consider the use of cached results for accelerating future query
evaluation. The work most related to ours is [15]. Instead of storing intermediate
results as [15] does, we cache the results of each frequent variable in order to
increase the cache hit ratio. Also, we try to cut oﬀ unnecessary path from the
evaluation path with the express channel technique.

7

Conclusion and Future Works

In this paper, we address the problem of answering probabilistic inference queries
over large volume of uncertain data with high correlations. In order to solve
this problem, we propose to cache the result of each frequent single variable in
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INDSEP and design a series of novel techniques for eﬃcient processing inference
queries with cached information. According to our experimental results, our
proposed approach is both eﬀectiveness and eﬃcient compared with the stateof-the-art works. About the future work, we plan to study how to further improve
query performance with some approximates and/ or cloud computing techniques.
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