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Abstract

This paper describes an approach to the problem of pruning the Gradient Boosted Oblivious Decision Trees
that aims in maintaining the maximal quality of the full ensemble while removing most of the trees from it
and adjusting the individual trees. The results are then evaluated by the ROC AUC score on the HIGGS
dataset.

I. Introduction

One of the most popular method branches used
in state of art machine learning applications is
the inductive decision tree learning [1]. While
the greedy decision tree composition meth-
ods are relatively computationaly inexpensive,
they tend to show remarkable performance
on datasets with numerous features of differ-
ent origin. The decision trees are also used
to perform feature selection [2] from the high
dimensionality data for further use in more so-
phisticated models. One more obvious advan-
tage of decision trees is their interpretability,
as compared to most other approaches.

Apart from the classical decision trees, there
are several known alternative decision tree
forms, and among them, the so called Oblivi-
ous Decision Trees (ODT) [3], that differ from
classical ones in that they use the same split-
ting criterion in every node within a depth
layer, thus in effect being decision tables.

This simplification, while diminishing the
individual efficiency of a trained ODT model,
allows for a considerable speed up in the train-
ing algorithm runtime, thus increasing perfor-
mance in ensemble models (typically bagging
[4][5] or boosting[6][7] variations), that average
the results from sets of decision trees to get the
best quality.

II. On Gradient Boosting

The majority of approaches, suggested in the
current paper, were inspired by and tested on

the so called Gradient Boosted Decision Trees
[7] ensemble model, that can be formally de-
fined as a result of additive iterative gradient
optimisation of the loss function.

Fig.1 the formal gradient boosting defini-
tion

Here, F stands for the ensemble model, L is
the loss function, H represents the model space
(in this case, decision trees), f stands for a par-
ticular model within H, yi is the label of the ith
training sample, n - total amount of samples,
m - amount of gradient boosting optimization
steps.

It should be of course noted, that the prac-
tical implementation of gradient boosting is
swarming with countless heuristics from the
domain of divine providence and/or the black
magic. The above formulae are only presented
to demonstrate the core principle of gradient
boosting.

The advantages and drawbacks of the gradi-
ent boosted ODT are numerous, yet their analy-
sis lies so far outside [8] the discourse universe
of this article. What is more important to it,
some practical applications demand that the
decision making time of the final model stays
low enough. Unless some other structurally
faster approach is possible, the ensemble needs
to be pruned efficiently to reach the required
execution speed.
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III. Application example

One such practical application might be the
problem of binary signal/background classifi-
cation of the event (particle collision) within the
LHCb experiment [9]. LHC collides a bunch
of protons every 50 nanoseconds, thus produc-
ing a gigantic influx of data ( approx. 2 ∗ 107

events per second). The main objects of in-
terest within the experiment are the very rare
decays, while the rest of the data is generally
uninteresting.

In order to filter out some of the obviously
background events, LHC uses the multi-level
trigger architecture, that filters out most of the
data flow on each level. The low level triggers
are removing the obvious background events,
while the higher levels are increasing the pre-
cision even further by dealing with the events,
approved by the lower level triggers, thus deal-
ing with harder problem on smaller (yet still
immense) data flow.

The possible application of Gradient
Boosted ODT can be seen within the archi-
tecture of high level trigger within the LHCb
detector.
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