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Data Mining on Streams using Data Mining on Streams using 
Decision TreesDecision Trees

CS 536: Machine LearningCS 536: Machine Learning
Instructor: Michael Instructor: Michael LittmanLittman

TA: Yihua WuTA: Yihua Wu

22

OutlineOutline
Introduction to Data StreamsIntroduction to Data Streams

MotivationMotivation
ModelsModels

Summarizing data streamsSummarizing data streams
SamplingSampling--basedbased
SketchSketch--basedbased

Overview of traditional DT learning Overview of traditional DT learning AlgsAlgs
DT learning DT learning Algs Algs on streamson streams

One conceptOne concept
Multiple concepts (concept drifts)Multiple concepts (concept drifts)
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Puzzle: Find missing numbersPuzzle: Find missing numbers

PaulPaul permutes numbers permutes numbers 1..n1..n, and shows all but , and shows all but 
one to Carol, in the permuted order, one after one to Carol, in the permuted order, one after 
the other.the other.
CarolCarol must find the missing number.must find the missing number.

Carol can not remember all the numbers 
she has been shown.

44

Carol finds the missing numberCarol finds the missing number……

Carol Carol cumulatescumulates the sum of all the numbers the sum of all the numbers 
she is being shown. At the end, she can she is being shown. At the end, she can 
subtract this sum from the total sum of the subtract this sum from the total sum of the 
numbers numbers 1..n1..n..

Uses Uses O(log n)O(log n) bits to bits to storestore the partial sum.the partial sum.
Performs one + Performs one + each timeeach time Paul shows a number. Paul shows a number. 
Takes Takes O(log n)O(log n) time per number.time per number.
At the end, computes the missing number with one At the end, computes the missing number with one 
subtraction. Takes subtraction. Takes O(log n)O(log n) time for time for final final 
computationcomputation..
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Finding two missing numbersFinding two missing numbers……

What if Paul shows all but What if Paul shows all but twotwo numbers?numbers?
Carol keeps the sum AND product of the 
numbers Paul shows her.

O(log n!) = O(n log n) bits and time.
Alternatively, Carol keeps the sum AND sum 
of squares of the numbers Paul shows her.

As before: O(log n) storage, 
O(log n) process time and 
O(log n) compute time.
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DesiderataDesiderata
PolylogPolylog(n)(n) per item processing timeper item processing time
PolylogPolylog(n)(n) space storedspace stored
PolylogPolylog(n)(n) for computing functions on for computing functions on ss
Can only scan stream Can only scan stream onceonce!!

polylogpolylogunlimitedunlimitedmemorymemory
approximateapproximateaccurateaccurateresultresult

multiplemultipleoneonenum of conceptsnum of concepts

polylogpolylogunlimitedunlimitedtimetime
singlesinglemultiplemultiplenum of passesnum of passes

StreamStreamTraditionalTraditional
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The Data Stream Phenomenon
Highly detailed, automatic, rapid data feeds.

Need for near-real time analysis of data 
feeds. (classification; extreme events—heavy hitters, deltoids; etc.)

3 Billion Telephone Calls in US each day
30 Billion emails daily, 1 Billion SMS
Scientific data: NASA's observation satellites 

generate billions of readings each per day.
IP Network Traffic: up to 1 Billion packets per 

hour per router. Each ISP has many (hundreds) of 
routers!

Compare to "human scale" data: "only" 1 billion 
worldwide credit card transactions per month.

CC trans
US Phone

Satellite

Email

IP Router
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Models of Data StreamsModels of Data Streams

Signal s[1..n]. n is universe size.
Three models:

Time-series model: s(1), s(2),…, s(t),….
Cash Register model: st(j)= st-1(j)+ aj(t). 
aj(t)>0. (insert only)
Turnstile model: st(j)= st-1(j)+ uj(t). (both 
insertion and deletion)
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Summarizing Data StreamsSummarizing Data Streams

SynopsisSynopsis
A small space representation of the data streamA small space representation of the data stream
Can be rapidly updated on the flyCan be rapidly updated on the fly
Approx results: within error bounds with high Approx results: within error bounds with high 
probabilityprobability

Two approachesTwo approaches
SamplesSamples:  use a subset to present all:  use a subset to present all
SketchesSketches: all records observed, but store using : all records observed, but store using 
much less space (e.g. sum)much less space (e.g. sum)
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What is a Decision Tree?What is a Decision Tree?

Decision TreeDecision Tree is a classification model for is a classification model for 
finding patternsfinding patterns in data using in data using tree structurestree structures. . 
Can be used to Can be used to explain dataexplain data and and make make 
predictionspredictions from it.from it.

Internal Nodes: Internal Nodes: tests on examplestests on examples’’ attribute attribute 
values.values.
Leaf Nodes:Leaf Nodes: class labels.class labels.

Applies to Applies to categoricalcategorical outputs.outputs.
ID3ID3: a DTLA, only : a DTLA, only categoricalcategorical attributes.attributes.
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Learning ProcessLearning Process
A Large Data Set  A Large Data Set  

Decision Tree Learning SystemDecision Tree Learning System

Training DataTraining Data

Decision Tree Structure

Test DataTest Data

Predicted class Predicted class 
labellabel

=?=?

Real classReal class

labellabel

AccuracyAccuracy

InputInput

OutputOutput
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Here is an ExampleHere is an Example……
outlook temp   humidity   windy play

sunny hot       high           false      no
sunny hot       high           true       no
overcast hot       high           false      yes
rainy mild     high           false      yes
rainy cool     normal       false      yes
rainy cool     normal       true        no
overcast cool     normal       true        yes
sunny mild     high          false       no
sunny cool     normal      false       yes
rainy mild     normal      false       yes
sunny mild     normal      true        yes
overcast mild     high          true        yes
overcast hot       normal      false       yes
rainy mild     high          true        no

sunny
outlook

windyhumidity yes

yes noyesno

overcast
rainy

high normal false true

Training DataTraining Data

Test DataTest Data
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Building Decision TreesBuilding Decision Trees
Key IdeaKey Idea

Evaluate splits for each attribute;Evaluate splits for each attribute;
Pick the best attribute to test at root;Pick the best attribute to test at root;
Divide the training data into subsets Divide the training data into subsets DDii for each for each 
value the attribute can take on;value the attribute can take on;
RecurseRecurse the tree construction for each the tree construction for each DDii..

Attribute SelectionAttribute Selection
Find an attribute that divides data into as Find an attribute that divides data into as purepure
subsets as possible.subsets as possible.
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Information GainInformation Gain

CC has has ll possible values, and possible values, and AA has has mm..
For any dataset For any dataset DD,,
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A=outlookA=outlook
nn11=9=9

nn22=5=5
9 5( , )

14 14
H

Information Gain, contInformation Gain, cont’’dd
outlook temp   humidity   windy play

sunny hot       high           false      no
sunny hot       high           true       no
overcast hot       high           false      yes
rainy mild     high           false      yes
rainy cool     normal       false      yes
rainy cool     normal       true        no
overcast cool     normal       true        yes
sunny mild     high          false       no
sunny cool     normal      false       yes
rainy mild     normal      false       yes
sunny mild     normal      true        yes
overcast mild     high          true        yes
overcast hot       normal      false       yes
rainy mild     high          true        no

sunnysunny
1

5
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w =
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’’=2=2

nn22
’’=3=3

2 3( , )
5 5

H

rainyrainy
3

5
14
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5 5

H
overcastovercast

2
4

14
w =

nn11
’’’’=4=4

nn22
’’’’=0=0

4 0( , )
4 4

H

IG(A,D)IG(A,D)

Pick the highest IG!Pick the highest IG!
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Sufficient StatisticsSufficient Statistics
Recall that Recall that ……

Sufficient Statistic:Sufficient Statistic: nnijkijk is the number of is the number of 
examples whose examples whose iithth attribute takes the attribute takes the jjthth

value, and are classified to the value, and are classified to the kkthth class.class.
Total # of Total # of nnijkijk’’ss = m*l*R. = m*l*R. 
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DrawbacksDrawbacks

One pass of data for each layer, One pass of data for each layer, 
multiple passes in total. (multiple passes in total. (stream: only stream: only 
one passone pass))

Once make a decision on a splitting Once make a decision on a splitting 
attribute, never reconsider. (attribute, never reconsider. (stream: stream: 
concept driftsconcept drifts))
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Hoeffding Hoeffding BoundBound
Consider a realConsider a real--valued random variable valued random variable rr
whose range is whose range is RR. Suppose we have . Suppose we have nn
independent observations of this variable, and independent observations of this variable, and 
compute their mean compute their mean mean(r).mean(r). The The hoeffding hoeffding 
bound states that, with probability 1bound states that, with probability 1--δδ, the , the 
true mean of the variable is at least mean(r)true mean of the variable is at least mean(r)--
εε, where, where

n
R

2
)/1ln(2 δε =
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PropertiesProperties

The The hoeffding hoeffding bound is independent of the bound is independent of the 
probability distribution generating the probability distribution generating the 
observations.observations.

With high probability, the attribute chosen With high probability, the attribute chosen 
using using nn examples is the same that would be examples is the same that would be 
chosen using infinite examples.chosen using infinite examples.
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Hoeffding Hoeffding Tree AlgorithmTree Algorithm

InputsInputs:: SS is a sequence of examples,is a sequence of examples,
XX is a set of categorical attributes,is a set of categorical attributes,
GG is a split evaluation function,is a split evaluation function,
δδ is one minus the desired probability is one minus the desired probability 

of choosing the correct attribute at of choosing the correct attribute at 
any given node.any given node.

OutputOutput: : HTHT is a decision tree.is a decision tree.

Mining HighMining High--Speed Data Streams, PedroSpeed Data Streams, Pedro DomingosDomingos and Geoffand Geoff HultenHulten, , 
KDD 2000KDD 2000
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HoeffdingHoeffding Tree Algorithm, contTree Algorithm, cont’’dd
Procedure Procedure HoeffdingTreeHoeffdingTree(S, X, G, (S, X, G, δδ))

Let HT be a tree with a single leaf lLet HT be a tree with a single leaf l11 (the root).(the root).
For each class For each class yykk

For each value For each value xxijij of each attribute of each attribute XXii in in XX
Let Let nnijkijk(l(l11)=0.)=0.

For each example (x, For each example (x, yykk) in S) in S
Sort (x, y) into a leaf l using HT.Sort (x, y) into a leaf l using HT.
For each For each xxijij in x such that in x such that XXii in in XXll

Increment Increment nnijkijk(l).(l).
If  the examples seen so far at l are not all of the same class,If  the examples seen so far at l are not all of the same class, thenthen

Compute Compute GGll((XXii) for each attribute ) for each attribute XXii in in XXll using using nnijkijk(l).(l).
Let Let XXaa be the attribute with highest be the attribute with highest GGll..
Let Let XXbb be the attribute with secondbe the attribute with second--highest highest GGll..

If If GGll((XXaa))-- GGll((XXbb)> )> εε, then, then
Replace l by an internal node that splits on Replace l by an internal node that splits on XXaa..
For each branch of the splitFor each branch of the split

Add a new leaf lAdd a new leaf lmm, and let , and let XXmm = = X X -- {{XXaa}.}.
For each class For each class yykk and each value and each value xxijij of each attribute of each attribute XXii in in XXmm
Let Let nnijkijk(l(lmm)=0.)=0.

Return HT.Return HT.

init SS’s

update SS’s

evaluate 
functions

Compute Compute εε using using hoeffdinghoeffding bound.bound.
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Problems in PracticeProblems in Practice

More than one attribute very close to More than one attribute very close to 
the current best.the current best.
How much time spent on a single 
example?
Memory needed  with the tree 
expansion?
Number of candidate attributes at each 
node?
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VFDT SystemVFDT System
ItIt’’s a s a VVery ery FFast ast DDecision ecision TTree learner, based on the ree learner, based on the 
hoeffdinghoeffding tree algorithm.tree algorithm.
RefinementsRefinements::

TiesTies. If . If ∆∆G<G<εε<<ττ, where , where ττ is a useris a user--specified threshold, split on specified threshold, split on 
the current best attribute.the current best attribute.
G computationG computation. Specify an . Specify an nnminmin that must be accumulated at a that must be accumulated at a 
leaf before G is recomputed.leaf before G is recomputed.
MemoryMemory. If the max available memory is reached, VFDT . If the max available memory is reached, VFDT 
deactivates the least promising leaves (w/ the lowest deactivates the least promising leaves (w/ the lowest pplleell) to ) to 
make room for new ones. Can be reactivated if more make room for new ones. Can be reactivated if more 
promising later.promising later.
Poor attributesPoor attributes. Memory is minimized by dropping early on . Memory is minimized by dropping early on 
attributes whose difference from the best attributeattributes whose difference from the best attribute’’s G s G 
becomes greater than becomes greater than εε..
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VFDT AnalysisVFDT Analysis
MemoryMemory: O(: O(ldvcldvc))

l: the number of leaves in the treel: the number of leaves in the tree
d: the number of attributesd: the number of attributes
v: the max number of values per attributev: the max number of values per attribute
c: the number of classesc: the number of classes

ItIt’’s independent of the number of examples seen.s independent of the number of examples seen.

DrawbackDrawback: : doesndoesn’’t take care of the timet take care of the time--changing changing 
data streams, because we never update the tree data streams, because we never update the tree 
structure ever since we finish building the tree.structure ever since we finish building the tree.
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Brute Force AlgorithmBrute Force Algorithm

A sliding window + the VFDTA sliding window + the VFDT
Reapply VFDT to a moving window of examples Reapply VFDT to a moving window of examples 
every time a new example arrives.every time a new example arrives.

From tFrom t-->t+1, only >t+1, only O(1)O(1) item in the sliding item in the sliding 
window changes, but we have to rescan window changes, but we have to rescan O(w)O(w)
items if reapply VFDT.items if reapply VFDT.

w

t

t+1
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CVFDTCVFDT

CConceptoncept--adapting adapting VVery ery FFast ast DDecision ecision 
TTreeree
Basic IdeasBasic Ideas::

An extension to VFDT.An extension to VFDT.
Maintains Maintains VFDTVFDT’’ss speed and accuracy.speed and accuracy.
Detects and responds to concept changes in Detects and responds to concept changes in O(1)O(1) per example.per example.
Stays current while making the most of old data by growing Stays current while making the most of old data by growing 
an alternative an alternative subtreesubtree whenever an old one becomes whenever an old one becomes 
questionable.questionable.
And replace the old with the new when the new becomes And replace the old with the new when the new becomes 
more accurate.more accurate.

Mining TimeMining Time--Changing Data Streams, GeoffChanging Data Streams, Geoff HultenHulten, Laurie , Laurie 
Spencer, and PedroSpencer, and Pedro DomingosDomingos, KDD 2001, KDD 2001
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CVFDT AlgorithmCVFDT Algorithm

Tree nodeTree node (internal node & leaf node of (internal node & leaf node of 
HT and all alternate trees)HT and all alternate trees)

maintain sufficient statistics maintain sufficient statistics nnijkijk

assigned a unique, monotonically increasing ID assigned a unique, monotonically increasing ID 
when created.when created.

Sliding windowSliding window
the max ID of the leaves an example reaches is the max ID of the leaves an example reaches is 
attached with the example in W.attached with the example in W.
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CVFDT Algorithm, contCVFDT Algorithm, cont’’dd
observe a new exampleobserve a new example

increase the sufficient statistics increase the sufficient statistics nnijkijk along the way along the way 
from the root to leaves.from the root to leaves.
record the max ID of the leaves it reaches in HT record the max ID of the leaves it reaches in HT 
and all alternate trees.and all alternate trees.

forget the oldforget the old
decrease the sufficient statistics decrease the sufficient statistics nnijkijk of every of every 
node the example reaches whose ID  node the example reaches whose ID  ≤≤ the stored the stored 
ID.ID.
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CVFDT Algorithm, contCVFDT Algorithm, cont’’dd
Growth of alternate Growth of alternate subtreessubtrees

If G(If G(XXaa))--G(G(XXbb) ) ≤≤ εε and and εε > > ττ, grow a , grow a subtreesubtree..
Check periodically, say every Check periodically, say every ff examples.examples.

Replacement with alternate Replacement with alternate subtreessubtrees
The next coming The next coming mm examples are used to compare examples are used to compare 
the accuracy of the current the accuracy of the current subtreesubtree in HT with in HT with 
the accuracies of all of its alternate the accuracies of all of its alternate subtreessubtrees..
Replace if the most accurate alternate is more Replace if the most accurate alternate is more 
accurate than the current.accurate than the current.
Prune alternate Prune alternate subtreessubtrees that are not making that are not making 
progress.progress.
Check periodically.Check periodically.
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CVFDT vs. VFDTCVFDT vs. VFDT

l: the number of leaves in HT l: the number of leaves in HT 
n: the number of nodes in the main tree and all alternate n: the number of nodes in the main tree and all alternate subtreessubtrees
d: the number of attributesd: the number of attributes
v: the max number of values per attributev: the max number of values per attribute
c: the number of classesc: the number of classes
llvv: the height of HT: the height of HT
llcc: the length of the longest path through HT times the number of : the length of the longest path through HT times the number of 
alternate treesalternate trees

O(lcdvc)O(lvdvc)Time

O(ndvc)O(ldvc)Memory
CVFDTVFDT
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What if What if ……
The number of attribute values is huge. e.g. # The number of attribute values is huge. e.g. # 
of IP addresses of IP addresses nn = 2= 23232..
The flavor of sketchThe flavor of sketch--based solutionbased solution……

polylog

po
ly

lo
g

po
lyl

og

Queries F(Ai)
^

Hash functions and statistical techniques needed to Hash functions and statistical techniques needed to 
guarantee accuracy and efficiency.guarantee accuracy and efficiency.
Why not approxWhy not approx nnijkijk’’ss?? more time efficient!
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Thanks!Thanks!

Q & A ???Q & A ???


