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INTRODUCTION

Range: Orthogonal or Proximity-Based
Aggregation Operators: SUM, MAX, MIN, MEDIAN, AVERAGE - - -

o Geometric Aggregation @ OLAP Data Cube (Grid Graphs)

e o ° . . S
PY [ 35 29 78 53 48 8 65 51
° 33 0 61 34 49 38,72 40 77
[ ]
[ 47 126 15 271 50 ! 58 4 21
L 46 137 67 7 45162 13 10
[ ] [ ] [ ]
[ ] [ ) 70 8 17 25 31 ;79 28 6
[ J
hd 2 b7 a1 a0 935 190 76
i °
[ ] L] ° 7360 54 36 14 32 59 1
L4 °
12 69 43 66 11 68 52 5
[ ]
[ ]




INTRODUCTION

Aggregations on Trees -
Path Aggregation

@ Applications

o Bottleneck bandwidth of a path in a network
e Verification of spanning trees [Tarjan 79, JACM] [Komlss 84, FOCS]
o Aggregation along XML Path

e Process m online queries over a tree of size n: ©(ma(m, n)) time

e Semigroup model: [vao 82, STOC] [Chazelle 84, FOCS]
e MAX or MIN operator: [pettie 02, FOCS]
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INTRODUCTION

Aggregations on Trees - Proximity-Based Subtree Aggregation
KDS(u, k)

KRS(u, k)
k hops around u

Our Contributions: Data Structures for Static Trees to support Online
Queries. The operator is MIN (or MAX). Implementation in RAM model.
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K-DEPTH SUBTREE AGGREGATION

KDS(u, k)

Applications: Web Site Hierarchy

@ Before batch download
those k-depth web pages
rooted at v, want to know
the total size of them (i.e.,
the SUM operator)

@ What is the most visited
web page? (MAX operator)
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K-RADIUS SUBTREE AGGREGATION

Applications: Computer Network

e Find a most powerful
machine to install a
database service to serve an
application at u, but the
chosen machine must be
within k hops of u (i.e.,
response speed constraint)
(MAX operator)

@ Or find the cheapest service
provider (MIN operator)
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OUR RESULTS

Worst-Case Complexities for SUM and MIN: (O(-) omitted)

Preprocess Time and Space Query Time

No Preprocessing 0 N
Store all queries N2 1
Our K-Depth Subtree N 1
Our K-Radius Subtree Nlog N log N

Solutions for the SUM operator were given in [Yuan & Atallah 08, ICDCS]
(see the revised version on the author’s web page). The present work
focuses on the MIN operator.

Difficulty in MIN: No inverse exists to do the subtractions of prefix sums.
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K-DEPTH SUBTREE AGGREGATION

KDS(u, k)

Sketch of our solution:

e O(N) comparisons

o Implementation in RAM
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KDS AGGREGATION - COMPARISON MODEL

Basic data structure: For each node v, compute its min-vector:
{minKDS(v, k) | 0 < k < Height(v)}
O(N?) space in the worst-case.

k min KDS(v, k)
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KDS AGGREGATION - COMPARISON MODEL

Naive Bottom-Up Construction: Merge the min-vector from children.
Need > (1 + Height(v)) comparisons.
If the tree is balanced, then it's ©(n); but worst case is still ©(n?).

O

5 O 0O wp
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KDS AGGREGATION - COMPARISON MODEL

Better Merging:
@ Choose one of v's child with the largest Height, denoted by HC(v)
e Use the min-vector of HC(v) as a base min-vector of v

@ Merge the min-vector of other children into the base min-vector

O
o/i\b -

basic
vector
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KDS AGGREGATION - COMPARISON MODEL

Better Merging:
@ Choose one of v's child with the largest Height, denoted by HC(v)
e Use the min-vector of HC(v) as a base min-vector of v
@ Merge the min-vector of other children into the base min-vector

Total number of comparisons:
S F(v)+ > (1 + Height(vc)) | ,
v ve€Children(v)\HC(v)

where F(v) is amortized O(1), and we proved that

Z Z Height(vc) < N.

v vc€Children(v)\HC(v)
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KDS AGGREGATION - RAM MODEL

Convert a linear-comparison scheme to a linear RAM scheme:
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KDS AGGREGATION - RAM MODEL

Three Subqueries:

@ Top: Reduced to do querying in a tree
with log N heights

e Middle: Only O(N/log N) nodes need
to take care of. O(T log T) = O(N)
data structures affordable with

middle
T=N/logN :

i i bottomé
@ Bottom: Reduced to a special kind of :

2D RMQ (Range Minimum Query)
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KDS AGGREGATION - RAM MODEL

Key Components:

@ Range Minimum Query: Preprocess a given array to answer queries
that ask for the minima of a contiguous subarray

o Level Descendant Query: Find the leftmost (or rightmost) descendant
of a node on a specific level

o We showed that:

Level Descendant Query <iixpar Level Ancestor Query
Linear Time/Space Preprocessing and Constant Query Time
[Berkman and Vishkin 94, JCSS]

o See also the unpublished note of [Amir Ben-Amram 07]
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KDS AGGREGATION - RAM MODEL

Top Subquery:
@ Top: Reduced to do querying in a tree
with log NV heights — The min-vector of
any node can be compressed into a
single word!

 middle

bottom
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KDS AGGREGATION - RAM MODEL

min KDS( v, k)
changed| 9
min-vector

compression: changed | 6

changed « 1
same 6

same < 0
changed | 1
same 1
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KDS AGGREGATION - RAM MODEL

compressed
min KDS(v, k)
changed
min-vector
compression: changed | ()
changed « 1
same
same < 0
changed
same
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KDS AGGREGATION - RAM MODEL

compressed
min KDS(v, k)

Query Processing:

1. Find the level of

the last changed
changed | { ) / (7)

2. Locate level

descendants _l_same |
3. Do RMQ on that changed
level

same @ e
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KDS AGGREGATION - RAM MODEL

compressed
min KDS(v, k)

Query Processing:

1. Find the level of

the last changed ————
Lchanged ) ‘

2. Locate level

descendants \_J|__same ,,’ / @

3. Do RMQ on that changed
level
same (12) 3)
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K-RADIUS SUBTREE AGGREGATION

KRS(u, k)
k hops around u
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KRS AGGREGATION — DIVIDE AND CONQUER

Heavy Path Decomposition [ Harel and Tarjan 84, SICOMP ]
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KRS AGGREGATION — DIVIDE AND CONQUER

Heavy Path Decomposition [ Harel and Tarjan 84, SICOMP ]
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KRS AGGREGATION — DIVIDE AND CONQUER
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KRS AGGREGATION — DIVIDE AND CONQUER

Recursively: big KRS — 2 KDS U smaller KRS
Heavy Path Decomposition guarantees: 1 KRS — 2log N KDS

S
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CONCLUSION AND FUTURE WORK

o Efficient data structures are designed to solve the proximity-based
subtree aggregations

@ Future Work

Dynamic Trees

General Graphs (Fast approximation of the query result?)
Cache Oblivious Data Structures

Succinct Data Structures
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