Yggdrasil: Faster Decision Trees Using
Column Partitioning in Spark
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A (Brief) Decision Tree Tutorial
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* Arbitrarily expressive, but easy to interpret
* Simple to tune
* Natural support for different feature types

* Can casily extend to ensembles and boosting techniques
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* Today’s datasets are growing both in size and
dimension

— More rows and more columns

* To model high-dimensional data, we need to consider
more splits
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 Partition training set by row ~ B
* Histograms used to compute splits e
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What’s wrong with row-partitioning?

1. High communication costs, esp. for deep trees & many
features

— Exponential in the depth of the tree, linear in the number of
features

2. To reduce communication, small number of thresholds
are considered

— Approximate split-finding using histograms
— User specifies # thresholds
— NB: Optimal split may not always be found

S‘s’u?n’ﬁf Z  SPARK SUMMIT 2016




PROBLEM:
PARTITIONING BY ROW

= INEFFICIENT FOR DEEP TREES
AND MANY FEATURES




PROBLEM:

PARTITIONING BY ROW

= TRADEOFF BETWEEN
ACCURACY AND EFFICIENCY




SOLUTION: PARTITION BY
COLUMN
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* Workers compute
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sufficient stats on entire X <
columns

Ne—

1. compute optimal split
for each column
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Yggdrasil: The New Approach

pCommunica‘gion Cost: Yggdrasil vs. Spark MLIib

Communication cost much :
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Yggdrasilin Action

1. Partition features
across workers

2. Workers sort each
feature by value

3. Compute best split
for each feature

4. Pick best split for

each worker & send elevation bath
to master 44__..—-‘ al —
5. Master selects best sqft price_per_sqft

global split among I D— T [——

the candidates,

requests bit vector year_built beds

from worker __-“ S Jp——
6. Master broadcasts bit price

vector for best global y ‘

split to all workers

7. Workers re-partition
their features into
sorted sub-arrays

y
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* Columnar compression using

RLE Bf gedrasil: Impact of Indlwdlual Optnnlza,tl.lons
. . 140+ 134 s
— Train directly on columns 125 5
without decompressing
101 s
. 8ls
* Label encoding for fewer
cache misses
* Sparse bit vectors to reduce
communication overheads
uncompressed uncompressed +  uncompressed + RLE +
training sparse bitvectors sparse bitvectors 4+ sparse bitvectors +
label encoding label encoding
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Ygedrasil vs. Spark MLIib: MNIST 8M
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Highest accuracy at D=19

Classifying handwritten
digits

8.1 million rows

784 columns

18.2 GB (< 1% non-zeros)
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Yggdrasil vs. SI!)ark ML}ib: Yah!oo! Dat‘aset [ RegreSSion taSk

»—x MLIib v1.6
o—e VYoodrasil
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Results

e 2 million rows

o1t _Ygedrasil vs. Spark MLIib: Communication Cost
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Results

Ygedrasil vs. Spark MLIib: Number of Features
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e 2 million rows

* Yggdrasil empirically
outperforms Spark
MLIib for deep trees

and many features
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* Available as a Spark package — download here

* Direct integration with Spark ML Pipeline API

* Support for various inputs: DataFrame,
RDD[ Labeled Point], or Parquet files



Betore:

val dt = new DecisionTreeClassifier()
.setFeaturesCol("indexedFeatures")
.setLabelCol(labelColName)
.setMaxDepth(params.maxDepth)
.setMaxBins(params.maxBins)
.setMinInstancesPerNode(params.minInstancesPerNode)
.setMinInfoGain(params.minInfoGain)
.setCacheNodelds(params.cacheNodelds)

.setCheckpointInterval(params.checkpointInterval)
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After:

val dt = new YggdrasilClassifier()
.setFeaturesCol("indexedFeatures")
.setLabelCol(labelColName)
.setMaxDepth(params.maxDepth)
.setMaxBins(params.maxBins)
.setMinInstancesPerNode(params.minInstancesPerNode)
.setMinInfoGain(params.minInfoGain)
.setCacheNodelds(params.cacheNodelds)

.setCheckpointInterval(params.checkpointInterval)
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If Spark MLIib 1s better
for shallow trees and few
features. ..

And Yggdrasil is better
for deeper trees and many
features...

Why can’t I have both?
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 You should be able to have both!

* Next steps:
— Merge Y ggdrasil into Spark MLIib v2.x

— Add decision rule that automatically chooses the best
partitioning strategy for you:
* by row (MLIib v1.6); or
* by column (Yggdrasil)
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THANKS!

Email:
GitHub:
Twitter:
Website:
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