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Scenario:
Temperature Monitoring
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•  e - event “it does not rain”
        Pr(e) = .4
• MUX - mutually exclusive options 
• N(70,4) - normal distribution

• mes - measurement
• t - time
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Simplified Scenario
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Probabilistic XML 
Documents

• Extend XML documents with

• Distributional nodes (e.g. PXML-MUX)

• Events that mark up edges (PXML-Events)

• Describe probability distributions 
over the set of all XML documents



World W: 
• e = false (rain)

Possible Worlds Semantics
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World W: 
• e = true (no rain)
• MUX: 23

Possible Worlds Semantics
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Queries

• Was sensor i25 up at time t = 2?

• Which sensors were up at time t = 2?
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Aggregate Queries

• How many sensors were up at time t = 1?

• For every point in time, 
how many sensors were up?
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⇒  we want answers to aggregate queries:
MIN/MAX,  TopK,  COUNT,  SUM,  COUNTD,  AVG



Global Picture
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• Previous Work
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Relational Model 
(Re, Suciu)
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a complementary semantic for predicate aggregates inspired by HAVING (e.g. what is
the probability that the MAX price is bigger than $10.00?). We illustrate the difference
between the approaches with a simple example:

Example 1. Consider a probabilistic database with a Profit relation that contains the
profit forecasted for each item if we continue to sell it:

Item Forecaster Profit P

Widget Alice $−99K 0.99
Bob $100M 0.01

Whatsit Alice $1M 1

SELECT SUM(PROFIT)
FROM PROFIT
WHERE ITEM=‘Widget’

SELECT ITEM
FROM PROFIT
WHERE ITEM=‘Widget’
HAVING SUM(PROFIT) > 0.0

Profit(Item;Forecaster,Profit;P) (a) Expectation Style (b) HAVING Style

Profit is an example of BID relation which captures our uncertain about contra-
dictory and incompatible forecasts. Here, we trust Alice’s forecast (probability 0.99)
more than Bob’s (0.01). Prior art [?] considered aggregate queries in the SELECT clause
such as (a). Their semantic computes the expected profit. Using linearity of expectation,
the value of query (a) is 100M * 0.01 + −99K * 0.99 ≈ 900K. This large value suggests
that we should continue selling widgets because we expect to make money. However,
if we asked the HAVING style query (b), which says: What is the chance that we will
make a profit? The answer is only 0.01, which tells us that we should immediately stop
selling widgets or risk going out of business.

Prior work [?,?,?] has shown that for Boolean conjunctive queries without HAVING,
computing a query’s probability is !P-Complete1. Although in general evaluating con-
junctive queries on a probabilistic database is hard, there are a class of queries that can
be computed efficiently called safe queries [?,?]. In this paper, for each aggregate α, we
find a class of HAVING queries called α-safe that can be evaluated efficiently. Further,
we show that there is a dichotomy for queries without self-joins: Either Q is α-safe, and
has an algorithm in P, or Q is not α-safe and is !P-Hard.

Our starting observation is that evaluating a query with a value aggregate with ag-
gregate α on a traditional database can be computed by annotating the database with
values from some semiring, S α, then computing the annotations returned by a the query
by evaluating any algebra plan P over the semiring, using the rules in [?]. Therefore
the output of an aggregate function α on a probabilistic database is described by a ran-
dom variable sQ with values in S α, and a HAVING query Q whose predicate is, say,
COUNT(∗) < k, can be computed over the probabilistic database in two stages: first
compute the random variable sQ, second apply some recovery function that computes
the probability sQ < k. The cost of this algorithm depends on the space required to
represent random variables sQ, which is proportional to the set of possible worlds of
the probabilistic database and hence is prohibitively high. Our key technical insight is
that if the plan P is a safe plan then the random variable sQ can be computed using a

1 !P defined by Valiant [?] is the class of functions that contains the problem of counting the
number of solutions to NP-Hard problems (e.g. #3-SAT).

2

Model:  block independent PDBs,
that is, with local probabilistic relationships (MUX)

Item  Forecaster Amount P 

Widget Alice -$99k 0.99 

Bob $100M 0.01 

Whatsit Alice $1M 1 



Relational Model 
(Re, Suciu)

• Queries: conjunctive

• Hierarchical without self joins: PTIME

• Others: FP    -complete 

• Queries: conjunctive with aggregates in HAVING 
Sufficient conditions for tractability depending on 
the aggregate functions

• Monte-Carlo simulations: intractable cases, Top-K
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Semi-structured Model 
(Kimelfeld, Senellart, ...)

• Model:  Distributional nodes + Events

• Queries: TPQ ~ conjunctive without real joins

• distributional nodes: PTIME

• events:  FP    -complete

• Constraints with aggregates:
behave like HAVING in relational cases

• Monte-Carlo simulations for intractable cases

12
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Road Map
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• done in PXML
• our goal

None have considered: 
• aggregate queries
• continuous distributions
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• Aggregating PXML 
without Querying
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Aggregate Functions 
over PXML

• Query:
Return the AVG of the 
measurements

• What should be an answer?
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AVG(W17) = 44,  P=.6

 AVG(W23) = 46,  P=.1

AVG(W20) = 45,  P=.3

sensor

vl vl

mes mes

vl

MUX45 70

17 23 20

.6 .1 .3



Aggregate Functions 
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measurements

• What should be an answer?
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AVG(W17) = 44,  P=.6

 AVG(W23) = 46,  P=.1

AVG(W20) = 45,  P=.3

Distribution of the aggregate values over all worlds
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• Aggregate functions AGG = random variables 

• AGG(D) = distribution of the aggregate values 
                over Worlds(D)

• Functions of our interest: 
COUNT, SUM, MIN, MAX, COUNTD, AVG


Aggregate Functions 
over PXML

16



Problems to Investigate

For PXML document D, constant C

• Membership:

decide Pr(Agg(D)=C) > 0

• Probability computation:
compute Pr(Agg(D)=C)

• Moment computation:
compute E(Agg(D)  )

17
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Aggregating PXML-Events 

• Almost all problems are intractable for 
MIN, MAX, COUNT, SUM, COUNTD,  AVG: 

• Membership is NP-complete

• Probability and moments computation 
FP    -complete

• Polynomial cases:
moments computation for SUM and COUNT

18
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• Aggregating PXML-MUX 
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Composed from: 


 probabilistic components 

What can we say about PXML-MUX documents?

Hierarchical Structural 
Property of PXML-MUX

20

• independent

• hierarchically organized 

MUX node

qp



• All probabilistic dependences are local

• distribution for composed p-document 
= composition of distributions of the components 
   with convex sums and convolutions 

What can we say about PXML-MUX documents?

Hierarchical Structural 
Property of PXML-MUX

20

MUX node

qp



Some Aggregate Functions 
are Easier than Others

Functions that admit divide and conquer strategy 

• SUM {| a, b, c, d |} = SUM {| a, b |} + SUM {| c, d |}

• They are called monoid aggregation function: 
Let  M = (A, * ) be a monoid
Agg {| a, ... , n  |} = Agg{| a |} * ... *  Agg {| n |}

• Monoid functions are: COUNT, SUM, MIN, MAX

21



Aggregating PXML-MUX 
with Monoid Functions

• Monoid aggregate functions can exploit the 
hierarchical structure of PXML-MUX

• Most problems for monoid aggregates are PTIME

• Computing the distribution can be polynomial in 
the distribution (output) size (e.g. sum)

22



Aggregating PXML-MUX 
with Non Monoid Functions 

Non- monoid COUNTD and AVG are hard

• membership is in NP

• probability computation FP   -complete 

• moments computation is PTIME

23
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Approximating 
Query Answers

• Many problems are NP- or FP   -complete 

• There are efficient Monte-Carlo approximation 
techniques for all the problems

• For example: given Epsilon and Delta with 
polynomially many samples   
one can compute the estimation X such that



 
 | P(AGG(D) = C) - X | > Epsilon   
       holds with probability at most Delta

24
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• Querying PXML
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Aggregate Queries 
for PXML 

• Single-path  TPQ with Group-By

• TPQ without joins with Group-By 

• TPQ with joins and Group-By

26



root

bonus

GroupBy(X)

SUM(Y)

Single-Path  TPQ 
with Group-By
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Query: Sum bonuses  for every team

Query answering is reducible to 
aggregate function computation 



TPQ with Joins
Query: Return the bonuses, 
           where the team is named by the city

28

Query answering without aggregation is 
already FP   -complete
⇒ no chance for tractable aggregate queries 

#P

root

located bonus

X

YX



TPQ without Joins 
with Group-By

Query: Return the sum of bonuses per city

29

root

located bonus

SUM(Y)GroupBy(X)

PXML-Events:
 Query answering without aggregation is 
 already FP   -complete 
 ⇒ no chance for tractable aggregate queries 
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TPQ without Joins 
with Group-By

Query: Return the sum of bonuses per city

29

root

located bonus

SUM(Y)GroupBy(X)
PXML -MUX:
• COUNT, MIN, MAX, RATIO:  PTIME [Kimelfeld at al.]
• SUM: NP-hard [Kimelfeld at al.]
• AVG, COUNTD : FP  -complete

It holds for simple aggregation already

#P



Road Map: What is Done
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 Sphere:
• Inside: PTIME
• Outside: NP-,  FP  -complete#P

PTIME

Intractable



Continuous Models

• Model:  PXLM-MUX-Events and continuous 
distributions of the leaves' values 

• What is new? 

• values distributed continuously 
⇒  SUM, etc. are continuous as well

• Mixture of discrete and continuous: discrete 
fragments are handled with Dirac distributions
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Monoid Aggregates for 
PXML-MUX

• How to compute?
1. Compute aggregation distributions on the leaves
2. Push distributions bottom-up combining them
   with convolutions and convex sums

• It works when distribution on the leaves are closed 
under convolutions and convex sum

• piecewise polynomials (for SUM, MIN/MAX) 

• Gaussian distributions (for SUM)
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Next Steps

• Dig in the continuous case

• Get better understanding of relationships 
between relational and semi-structured models

• Implement a system

33


