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Abstract

Decision trees and derivatives such as Boosted Decision Trees, Adaboost, XG-

boost, Random forest are widely used in the world, and are now part of the

High Energy Physics toolbox. However, High Energy Physics has some spe-

cial requirements, it needs the inference of such tree to be as fast as possible, to

be used during reconstruction of events or even trigger. In this work, we design

and implement a fast inference engine for decision trees in C++ and benchmark

it against XGBoost C API, showing a 15x improvement event-by-event and a

3x improvement for batched versions. The code is freely available on github.

This is realized in the context of the CERN summer student program for the

ROOT-TMVA project.
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1 Introduction

Decision trees have existed from the early stages of Artificial Intelligence, but have a recent explosion

in popularity due to the numerous data science competitions won with them, as can be witnessed on

Kaggle1. There are many different algorithms that uses variants of decisions tree, but the one that is the

most discussed these day is XGBoost [1] which has been the dominant algorithm for building accurate

models on tabular or structured data.

What all successful Decision Trees implementation have in common is the tendency to prefer many shal-

low trees (called weak learners) to few deep trees (called strong learners). Many weak learners can can

be aggregated together to form one strong learner. This method allows also to mitigate overfitting, which

is very common in Decision Trees based models models. For more details about the different flavors of

decision trees algorithms, we refer an interested reader to [2]

There exist several libraries that focus on the training of decision trees, e.g. [1,2], but very few that focus

on the inference of Decision Trees. This is of particular interest at CERN since there are very large

volumes of data that need to be processed on the go. Moreover, for application such as triggering and

reconstruction, the data need to be processed event-by-event, thus loosing the speed-up we could get

from batching.

In this work 2 we focus on the inference of Forests of decision trees, both event-by-event and

batched. In particular we infer on Boosted Decision Trained with XGBoost. The code, written in C++,
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4. We can expect thus the performances of this method to decrease when the trees are highly sparse.

Thankfully, in general, the trees tends to be very shallow and thus poorly sparse.

i n d e x =0;

f o r ( i L e v e l = 0 ; i L e v e l < t r e e _ d e p t h ; ++ i L e v e l ) {

i n d e x = 2 * i n d e x + 1 + ( e v e n t [ f e a t u r e s [ i n d e x ] ] > t h r e s h o l d s [ i n d e x ] ) ;

}

re turn t h r e s h o l d s [ i n d e x ] ;

2.4 BranchlessJIT

Again, with JIT we ca do some optimization such as unrolling the loop since we now at "JIT time" the

depth of the trees, as shown in Listing 2.4

i ndox = 0 ;

i n d e x = 2* i n d e x + 1 + ( e v e n t [ f e a t u r e s [0+ i n d e x ] ] > t h r e s h o l d s [0+ i n d e x ] ) ;

i n d e x = 2* i n d e x + 1 + ( e v e n t [ f e a t u r e s [0+ i n d e x ] ] > t h r e s h o l d s [0+ i n d e x ] ) ;

i n d e x = 2* i n d e x + 1 + ( e v e n t [ f e a t u r e s [0+ i n d e x ] ] > t h r e s h o l d s [0+ i n d e x ] ) ;

r e s u l t += t h r e s h o l d s [0+ i n d e x ] ;

3 Results and improvements

In this section, if not otherwise specified, we assume:

– # events: 105

– # features: 5

– maximum depth: 3

– # trees: 200

As anticipated in Figure 1, we can see our event-by-event implementations against the batched

XGBoost. As we see, all our implementation outperform XGBoost, be it for a large number (3x) of

events or event-by-event (15x).

How can we improve such a simple algorithm? In the next subsection we will do our best to give

an answer to this questions, but meanwhile it can be useful to give a look to the cost of some common

operations here: http://ithare.com/infographics-operation-costs-in-cpu-clock-cycles/

#rabbitref-NoBugs

3.1 Branch Predictions

Modern processors do dynamic branch prediction, i.e. they will, at run time, predict the outcome of an

if statement. Processors have many way to make such an educated guess. In the case of a correct guess

the cost of the operation is around 1-2 CPU cycles, and in case of a misprediction it is of around 10-20

cycles3.

Now, How can we avoid branch mispredictions? We have to make it easier for the processor. One way

of achieving this is by a simple ordering of the trees according to features and thresholds of the first node

of the tree. In this way, we will group the true and wrong prediction of the first if, and it will be much

easier to guess the outcome based on the previous outcomes. A 6x speedup ha been reported for a simple

array summation based on an if statement, just by previously ordering the array4.

How many branch mispredictions can we avoid this way? In 5 is a comparison of the two same

forests, with vanilla ordering (not ordered) and one with ordered trees.

3Accoring to wikipedia: https://en.wikipedia.org/wiki/Branch_predictor
4https://stackoverflow.com/questions/11227809/why-is-processing-a-sorted-array-faster-than-processing-an-unsorted-array
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Appendices

A Benchmark details

Google benchmark, release version, frequency scaling off, compiled with -O3

gcc version 7.4.0

Run on (4 X 3100 MHz CPU s)

CPU Caches:

L1 Data 32K (x2)

L1 Instruction 32K (x2)

L2 Unified 256K (x2)

L3 Unified 3072K (x1)

Load Average: 3.29, 3.17, 3.30
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