Regularized Greedy Forest Version 1: User Guide

1 Introduction

Regularized greedy fore§RGF) [2] is a tree ensemble learning method. The purposkisfdocument is
to guide you through the software package of RGF implemiemtaf2] should be referred to in order to
understand RGF. With the code provided in the package, yowdadhe following:

Using the stand-alone executable:

e Conduct RGF training for regression tasks.

e Conduct RGF training for binary classification tasks.
e Apply trained models to new data.

e Reproduce the experimental results reported in [2].

Possible future work items include an interface for mudiss classification. It is possible to call RGF
functions from your code, but documentation for this pugu@snot included in this guide.

This guide is organized as follows. Section 2 quickly goesugh the functionality. Data formats are
described in Section 3. Section 4 explains all the parametethe Appendix, batch processing tools to run
the experiments reported in [2] are introduced.

2 Get started: A quick tour of functionality

The first thing to do is to download the package, extract tmdesd, and create the executable. Please follow
the online instructions arkEADME.

The top directory of the extracted contentrigf v1. Make sure that the executabtgf (or rgf . exe
on Windows) is akgf _v1/bin. To go through the examples in this section, always set thewrudirectory
to rgf v1/test because the resource files configured for using sample teyadsuume that the current
directory isrgf v1/test. For the same reason, the path expressions in this sectmdsbe understood
to be relative targf _v1/test unless it begins witkrgf v1.

2.1 Getstarted: train — training
To get started, set the current directoryigf v1/test and enter in the command line:
perl call exe.pl ../bin/rgf train sample/train

If successful, the last several lines of the screen showlkl like:



Generated 5 model file(s):
output/sample.model-01
output/sample.model-02
output/sample.model-03
output/sample.model-04
output/sample.model-05

Sat Dec 10 12:17:39 2011: Done ...
elapsed: 0.115

What happened is: the Perl scriptll_exe.pl read parameters in the configuration file
sample/train.inp and passed them to the executablgbin/rgf along with the action to take:fain);
as a result, training was conducted and five models were davétks. Here is the configuration file
sample/train.inpthatcall exe.pl was given:

#### sample input to "train" ####

train x fn=sample/train.data.x # Training data points
train y fn=sample/train.data.y # Training targets
model _fn prefix=output/sample.model

reg L2=1 # Regularization parameter

algorithm=RGF

loss=LS # Square loss

test_interval=100 # Save models every time 100 leaves are added.
max_leaf forest=500 # Stop training when #leaf reaches 500
Verbose

It essentially says: conduct training with the trainingad@bints insample/train.data.x and the training
targets insample/train.data.y and save the trained models to the files. Any texts fraté the end

of line are comments. The linenddel fn prefix...” indicates that the system should generate model
path names using the stringdtput/sample.model” as a prefix and attaching sequential numbeis1”,
“-027, --- toit. It also says: training should proceed until the numiifdleaf nodes in the forest reaches
500 fmax_leaf_forest=500); and every time another 100 leaf nodes are added to thet fohessystem
should simulate the end of training and save the model fer tasting {est_interval=100). As a result,
you should obtain five models each of which contains apprateig 100, 200, 300, 400, or 500 leaf nodes.
We delay explanation of other parameters until Section 4revbemplete lists of parameters are given. The
format of training data files is described in Section 3.1.

2.2 Models: Why one call of training results in several modefiles

As seen above, one call of RGF training typically resultseivesal model files. This fact may deserve some
explanation as it differs from typical boosting methods.

For example, suppose that you conducted Gradient Boostirtgaining using regression trees as base
learners; stopped training when you obtained 500 trees;sameld them to a file for later testing. Then
using these 500 trees, you can test 500 distinct models, afaghich consists of the first trees where
k=1,2,---,500, by simply changing the number of trees to be used for makiedigtions. You do not
have to save 500 models individually. This is because Gnadeosting does not change the previously-
generated trees; it only adds new trees as it proceeds. Tire Gan be said about other typical boosting
methods such as AdaBoost.



By contrast, RGF performfilly-corrective update of weightsvhich updates the weights afl the leaf
nodes ofall the trees, in the designated interval and at the end of fi@infor this reason, if we save the
model of, for example, 500 trees, then these 500 trees casdu®nly for testing the additive model of 500
trees. Unlike the Gradient Boosting example above, thefitstes of these 500 trees do not constitute a
meaningful model. If we stopped training whenrees were obtained, the weights assigned to the nodes of
the k trees would be totally different from those of the fikstrees of the 500 trees.

It might be simpler if the system let a user only specify wherstop training and only return one
model, but it would be very inefficient to train several madef different sizes this way. For efficiency,
our implementation trains several models of different simeone call bysimulating the end of trainingn
the interval designated byest_interval. More precisely, training branches into two in the desigdat
interval. One continues training as if nothing happened, tae other ends training, which triggers weight
optimization (if it has not been triggered by the designaiptmization interval), and tests or saves the
model. That is how one call of training produces several rsde

2.3 predict: To apply a model to new data

The next example reads a model from one of the five model filagrgéed in Section 2.1 and applies the
model to new data. Set the current directorygd v1/test and enter:

perl call exe.pl ../bin/rgf predict sample/predict
If successful, after parameters are displayed, sometinimi¢as to the following should be displayed:

output/sample.pred: output/sample.model-03,#leaf=301,#tree=73
Sat Dec 10 13:20:54 2011: Done ...

which indicates that the prediction values were saveshtgput/sample. pred; the model was read from
the fileoutput/sample.model-03 and it contained 301 leaf nodes and 73 trees.
The configuration filesample/predict.inp we used is:

#### sample input to "predict"

test_x_fn=sample/test.data.x # Test data points
model_fn=output/sample.model-03 # Model file

prediction fn=output/sample.pred # Where to write prediction values

It says: read the model frovutput/sample.model-03; apply it to the data points in
sample/test.data.x; and save the prediction valuesdatput/sample.pred. The format of the pre-
diction file is described in Section 3.3.

2.4 Executablergf and Perl script call _exe.pl

The executablegf, called through the Perl script in the examples above, takesrguments:

rgf action parameters



action train | predict | train test

train Conduct training and save the trained models to files.
Input: training data; Output: models.
predict Apply a model to new data.

Input: a model and test data; Output: predictions
train test Train and test the models in one call.
Input: training data and test data; Output: performanceltes
Optional output: models.
parameters Parameters are in the form deywordEvaluel keyword2value2 Optionl,- - -
Example:algorithm=RGF,train x fn=data.x,train y fn=data.y,...

To get help on parameters, caif with actionbut withoutparametersfor example:

rgf train
rgf predict

Since parameters could be long and tedious to type in, tHesB@ut call exe.pl introduced above
is provided to ease the job. It essentially reads paramé&tarsa configuration file and concatenates them
with delimiter “,” to pass torgf. The syntax is as follows:

perl call exe.pl executable action configathname

executable Typically, . ./bin/rgf,i.e.,rgf v1/bin/rgf.

action train | predict | train_test

config pathname Path name to the configuration file without extension. Theresibn of configura-
tion files must be ¥ inp”.

In the configuration files, any text fron#* to the end of line is considered to be a comment.

Additionally, call_exe.pl provides an interface to perform several runs in one cah wite configura-
tion file. This is convenient, for example, for testing difat degrees of regularization with other parameters
fixed. sample/regress train test.inp provides a self-explaining example.

2.5 train_test: train, apply, and evaluate models

train_test performs training and test in one call. Whatain_test does can also be done by combining
train andpredict and writing an evaluation routine by yourself. The advaataizrain test other than
convenience is faster testing. As explained in Sectiondtiéing training, all the weights are updated when-
ever fully-corrective update of weights is performed. Hwoere the structure of the previously-generated
trees mostly remains the same. By training and testing sémebusly, such invariant information can be
reused, which saves testing time.

To try the example configuration fatrain test, set the current directory tegf vi/test, and enter:

perl call exe.pl ../bin/rgf train test sample/train test

If successful, the last several lines of the screen showlkl like:



Generated 5 model file(s):
output/m-01
output/m-02
output/m-03
output/m-04
output/m-05

Sat Dec 10 10:17:50 2011: Done ...
elapsed: 0.135

The configuration filesample/train test.inpis:

#### sample input to "train_test" ####
train x fn=sample/train.data.x # Training data points
train y fn=sample/train.data.y # Training targest
test_x_fn=sample/test.data.x # Test data points
test_y_fn=sample/test.data.y # Test targest
evaluation fn=output/sample.evaluation

# Where to write evaluation results

model_fn_prefix=output/m # Save models. This is optional.
algorithm=RGF

reg L2=1 # Regularization parameter

loss=LS # Square loss

test_interval=100 # Test at every 100 leaves

max_leaf forest=500 # Stop training when 500 leaves are added
Verbose

It is mostly the same as the configuration file farain in Section 2.1 except that test data is specified
by test x_fn (data points) andest_y_fn (targets) ancgtvaluation fn indicates where the performance
evaluation results should be written. In this example, rhéis are saved to files, a®del fn prefixis
specified. Ifnodel fn prefix is omitted, the models are not saved.

Now check the evaluation file@tput/sample.evaluation) that was just generated. It should look
like the following except that the items followingt g are omitted here:

#tree,29,#leaf,100,acc,0.61,rmse,0.9886,sqerr,0.9773,#test,100,cfg,...,output/m-01
#tree,52,#leaf ,200,acc,0.66,rmse,0.9757,sqerr,0.952,#test,100,cfg, ... ,output/m-02

#tree,73,#leaf,301,acc,0.66,rmse,0.9824,sqerr,0.9651,#test,100,cfg,...,output/m-03
#tree,94,#leaf,400,acc,0.69,rmse,0.9767,sqerr,0.9539,#test,100,cfg,...,output/m-04
#tree,115,#leaf ,501,acc,0.67,rmse,0.985,sqerr,0.9702,#test,100,cfg,...,output/m-05

Five lines indicate that five models were trained and tedted.example, the first line says: a model with
29 trees and 100 leaf nodes was applied to 100 data pointdassification accuracy was found to be 61%,
and the model was saveddatput/m-01.

The evaluation file format is described in Section 3.4. Thenfd of training data and test data files is
described in Section 3.1.

3 Input/output file format

This section describes the format of input/output files.
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3.1 Data file format
3.1.1 Data points

The data points (or feature vectors) should be given in anptait file of the following format. Each line
represents one data point. In each line, values should lzeeted by one or more white space characters.
All the lines should have exactly the same number of valuese VWialues should be in the format that
is recognized as valid floating-point number expressionataf of C libraries. The following example
represents three data points of five dimensions.

0.3 -05 1 0 2
1.555 0 0 28 0
0 0 0 3 0

(NOTE) Currently, there is no support for categorical values. Al values must be numbers. This means
that categorical attributes, if any, need to be convertaddizcator vectors in advance.

Alternative data format for sparse data points For sparsedata which has many zero components (e.g.,
bag-of-word data), the following format can be used insté&dtk first line should be “sparsl whered is

the feature dimensionality. Starting from the second leagh line represents one data point. In each line,
non-zero components should be specifiedeasure# value wherefeature#begins from 0 and goes up to
d — 1. For example, the three data points above can be expressed as

sparse 5

0:0.3 1:-05 2:1 4:2
0:1.565 3:2.8

3:3

3.1.2 Targets

The target values should be given in a plain text file of theofaihg format. Each line contains the target
value of one data point. The order must be in sync with the jgiaitat file. If the data is for the classification
task, the values must be {i, —1}, for example:

+1

—1

—1
If paired with the data point file example above, this meats the target value of the first data point
[0.3,—0.5,1,0,2] is 1 and the target value of the second data pfiris5, 0, 0, 2.8, 0] is —1, and so on.

For regression tasks, the target values could be any rassjdlor example:

0.35
1.23
—0.0028

3.2 Data point weight file format

As introduced latertrain andtrain_test optionally take the user-specified weights of data points as
input. The data point weights should be given in a plain téatdf the same format as the target file. That
is, each line should contain the user-specified weight ofdata point, and the order must be in sync with
the data point file of training data.



3.3 Prediction file format

predict outputs prediction values to a file. The prediction file isairptext file that contains one prediction
value per line. The order of the values is in sync with the gaiat file of test data.

3.4 Evaluation file format
train_test outputs performance evaluation results to a file in the C3m&b. Here is an example:

#tree,115,#leaf,500,acc,0.64,rmse,0.9802,sqerr,0.9607,#test,100,cfg, ...
#tree,213,#leaf,1000,acc,0.65,rmse,0.9721,sqerr,0.945,#test,100,cfg, ...

In the evaluation file each line represents the evaluatisuli® of one model. In each line, each value is
preceded by its descriptor; e.g#tree, 115” indicates that the number of trees is 115 in the tested model
In the following, y; andp; are the target value and prediction value of il data point, respectively;(x)

is the indicator function so thaf(z) = 1 if = is true and 0 otherwise; and is the number of test data
points.

Descriptor Meaning

#tree Number of trees in the model

#leaf Number of leaf nodes in the model

acc Accuracy regarding the task as a classification t&sK. , Z(y; - p; > 0)/m.
rmse RMSE regarding the task as a regression tagk.., (y; — p;)?/m

sqerr Square error. RMSERMSE.

#test Number of test data points.

cfg Some of training parameters.

In addition, if models were saved to files, the last item ohdaee will be the model path name.

(NOTE) Although performances are shown in several metrics, depegruh the task some are obviously
meaningless and should be ignored, e.g., accuracy shoulghbeed on the regression task; RMSE and
square error should be ignored on the classification taskcesdfy when exponential loss is used.

3.5 Model files

The model files generated hyain or train_test are binary files. Caution is needéd/ou wish to share
model files between the environments with differentliannessBy default the code assumkttle-endian
To share model files between environments with differentaredthe executable used in thi&-endian
environment needs to be compiled in a certain way REa®ME for detail.

4 Parameters

4.1 Overview of RGF training

Since many of the parameters are for controlling trainiagus first give a brief overview of RGF training,
focusing on the things that can be controlled via paramef2fshould be referred to for more precise and
complete definition.

Suppose that we are givertraining data pointx, - - - , x,, and targetg;, - - - , y,,. The additive model
obtained by RGF training is in the form ofir(x) = >, o, - g,(x), wherev goes through all the leaf
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nodes in the foresF, g, (x) is thebasis functiorassociated with node, anda, is its weightor coefficient.
Initially, we have an empty forest withr(x) = 0. As training proceeds, the foredt obtains more and
more nodes so the modej-(x) obtains more and more basis functions. The training obvjeci RGF is to
find the model that minimizes regularized loss, which is t f loss and a regularization penalty term:

=3 b)) + G(F) @
i=1

where/ is a loss function; and (F) is the regularization penalty term. RGF grows the foresh\gitedy
search so that regularized loss is minimized, while it penfofully-corrective update of weights to minimize
the regularized loss in the designated interval. The losstion ¢ and the interval of weight optimization
can be specified by parameters.

There are three methods of regularization discussed ifJ@¢ isL- regularization on leaf-only models
in which the regularization penalty ter@{.F) is:

A Y ez,

where\ is a constant. This is equivalent to standardregularization and penalizes larger weights. The
other two are callednin-penalty regularizersTheir definition of the regularization penalty term oveclea
tree is in the form of:

A mm {Z ~%32/2 . some conditions orﬁﬁv}} ,

whered, is the depth of node; and A and~ are constants. While [2] should be consulted for precise
definition of min-penalty regularizers, one thing to noteehis that a largety > 1 penalizes deeper nodes
(corresponding to more complex basis functions) more séueParameters are provided to choose the
regularizer or to specify the degree of regularization ulgio\ or ~.

On the regression tasks, it is sensible to normalize taggethat the average becomes zero since regu-
larization shrinks weights towards zero. An option swilidtrmalizeTarget is provided for this purpose.
When it is turned on, the model is fitted to the normalizedetsgy; — 7|, wherey = >_"" | y;/n and the
final model is set téz(x) + 3.

The regularized loss in (1) can be customized not only byi§peg a loss function but also by spec-
ifying user-defined weights. Let; > 0 be the user-defined weight assigned to #tle data point. Then
instead of (1) the system will minimize the following:

sz (hr(x:), 1) + G(F) . 2)

i=1

Finally, in our implementation, fully-corrective weighpdate is done by coordinate descent as follows:
for j =1to J do

foreach leaf nodev do
/l Updateca,, by the Newton step with step sizeio minimize regularized losg.
iy — 1+ g mAn=t 1l 6, is the additive change to,.
end
end
The constants/ andr, above can be changed using the parameters described b#twugh, in our

experiments, we never used them as the default values wérleedn a number of datasets.

z lwZ

8



4.2 Naming conventions and notation

There are two types of parameters: keyword-value pairs ptidns. The keywords begin with a lower-case
letter and should be followed byvalug e.g., “loss=LS". The options begin with an upper-case letter, e.g.,
“Verbose”, and indicate to turn on corresponding option switchesictvlare off by default.

In the lists below, ¥’ in front of the keyword indicates that the designated kesdwezalue pair is required
and cannot be omitted.

4.3 Parameters fortrain

The parameters described in this section are used bydhen function. train trains models and saves
them to files.

4.3.1 Parameters to control input and output fortrain

A pair of training data files (one contains the data pointstaaather contains the target values) are required.
Another required parameter is the prefix of model path namkgh is used to generate model path names
by attaching to it sequential numbers “-01”, “-02”, and so ®he reason why one call of training typically
produces multiple model files is explained in Section 2.2.

Optionally, training can be resumed from the point wherening was ended last time, which we call
warm-start To do warm-start, the model file from which training shoudrbsumed needs to be specified.
Also optionally, user-defined weights of training data p®ictan be specified througlrain_w_fn. They are
used as in (2).

Required parameters to control input and output for train

* train_x_fn= Path to the data point file of training data.
* trainy fn= Path to the target file of training data.
* model fn prefix= To save models to files, path names are generated by attaching

“-01”, “-02”, - - - to this value.
Optional parameters to control input and output for train
train_w_fn Path to the file of user-defined weights assigned to trainatg d
points.
model_fn_for_warmstart= Path to the model file from which training should do warm-star

4.3.2 Parameters to control training

In the list below, the first group of parameters are most irgmtrin the sense that they would affect either
accuracy of the models or speed of training directly, ang there actually used in the experiments reported
in [2]. The second group of parameters never needed to béfisdein our experiments, as the default
values worked fine on a number of datasets, but they may balusefome situations. The third group is
for displaying information and specifying the memory adlton policy.

The variables below refer to the corresponding variablékéroverview in Section 4.1.



Parameters to control training

algorithm=

loss=

max_leaf_forest=

NormalizeTarget

* reg L2=

reg_depth=

test_interval=

RGF |RGF_Opt | RGF_Sib (Default: RGF)

RGF: RGF with L, regularization on leaf-only models

RGF_Opt: RGF with min-penalty regularization

RGF_Sib: RGF with min-penalty regularization with the sum-to-zsibling
constraints.

Loss functionl(p,y). LS|Expo (Default:LS)

LS: square losgp — )2 /2; Expo: exponential lossxp(—py).

Training will be terminated when the number of leaf nodesha forest
reaches this value. It should be large enough so that a goa@lntan be
obtained at some point of training, whereas a smaller valakestraining
time shorter. Appropriate values are data-dependent afi2] waried from
1000 to 10000. (Default:10000)

If turned on, training targets are normalized so that theamebecomes zero.
It was turned on in all the regression experiments in [2].

A. Used to control the degree éf, regularization. Crucial for good perfor-
mance. Appropriate values are data-dependent. In [2fereith0.1, or 0.01
often produced good results though with exponential lbssg=Expo) some
data required smaller values such as 1e-10 or 1e-20.

5. Must be no smaller than 1. Meant for being used with
algorithm=RGF Opt |RGF_Sib. A larger value penalizes deeper nodes more
severely. In [2] it was set to 2 or 4 witilgorithm=RGF_Sib. (Default: 1)

Test interval in terms of the number of leaf nodes. For examjf
test_interval=500, every time 500 leaf nodes are newly added to the for-
est, end of training is simulated and the model is tested wedséor later
testing. For efficiency, it must be either multiple or divisi the optimiza-
tion interval ppt_interval: default 100). If not, it may be changed by the
system automatically. (Default:500)

Parameters that are probably rarely used

min_pop=

num_iteration_opt=
num_tree_search=

opt_interval=

opt_stepsize=

Minimum number of training data points in each leaf node. Bma&alues
may slow down training. Too large values may degrade modeiracy. (De-
fault:10)

J. Number of iterations of coordinate descent to optimizeghts. (De-
fault:10 for square loss; 5 for exponential loss and theslike

Number of trees to be searched for the nodes to split. The moshtly-
grown trees are searched first. (Default:1)

Weight optimization interval in terms of the number of leafldes. For ex-
ample, ifopt_interval=100, weight optimization is performed every time
approximately 100 leaf nodes are newly added to the forBstfaflt: 100)

n. Step size of Newton updates used in coordinate descent timing
weights. (Default:0.5)

Other parameters

Verbose
Time
memory_policy=

Print information during training.
Measure and display elapsed time for node search and wedghtization.
Conservative|Generous. (DefaultGenerous)
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memory_policy=  Conservative|Generous. (DefaultGenerous)

4.4 Parameters forpredict

predict reads a model saved lyain or train test, applies it to new data, and saves prediction values
to afile.

Parameters forpredict

* testx_fn Path to the data point file of test data.
* model_fn Path to the model file.
* prediction fn Path to the prediction file to write prediction values to.

45 Parameters fortrain_test

train_test trains models with training data and evaluates them on tatid one call.

4.5.1 Parameters to control input and output fortrain_test

train_test requires a pair of training data files (one contains the datat® and the other contains the
target values) and a pair of test data files.

Optionally, the models can be saved to files by specifyio@el fn prefix. The value specified with
model fn prefix iS used to generate model path names by attaching to it seajuemmbers “-01", “-
02", and so on. The reason why one call of training typicalgduces multiple model files is explained in
Section 2.2. Other things that can be done optionally aredhee asrain. That is, optionally, training can
be resumed from the point where training was ended last tivaeni-star}. Also optionally, user-defined
weights of training data points can be specified throtwgghin_w_fn; see Section 4.1 for how they are used.

Parameters to control input and output for train_test

* train_x_fn= Path to the data point file of training data.
* trainy fn= Path to the target file of training data.
* testx_fn= Path to the data point file of test data.
*  test_y. fn= Path to the target file of test data.
evaluation_fn Path to the file to write performance evaluation results ftoniitted,
the results are written to stdout.
Append evaluation Open the file to write evaluation results to with the append@no
model fn prefix= If omitted, the models are not saved to files. Model path naanes
generated by attaching "-01", "-02",... to this value to samodels.
train_w_fn Path to the file of user-defined weights assigned to trainatg ploints.

model_fn_for_warmstart= Path to the input model file from which training should do westart.

4.5.2 Parameters to control training

The paramters to control training ferain_test are the same as those farain; see Section 4.3.2.
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A Appendix

A.1 To run the experiments in [2]

To run the experiments described in [2], you need to downtbadlata archive fildata for ex.tar.gz

and extract the data files igf v1/exp data. Once this is done, 392 files whose names end with either
“X" or “.y" should be atrgf vi/exp data. These files are the exact training portions and test pa&tdn
the data used in [2].

A.1.1 Torun the RGF experiments
The RGF results in the paper can be obtained by running tlanfiolg three scripts:

exp_regress to run the regression experiments
exp_classif square to run the classification experiments with square loss
exp_classif expo to run the classification experiments with exponential loss

The scripts need to be executedrgf_v1/exp as they use relative path to access resources. They take
the name of the executable as an argument. The files endihg. el are Windows command files for
Windows users. Set the current directoryrisf v1/exp and enter the following at the Windows command
prompt, to start the experiments.

exp_regress ..\bin\rgf
exp_classif_square ..\bin\rgf
exp_classif_expo ..\bin\rgf

The files ending with. ss are shell scripts for the users of Unix-like systems. Erterfollowing in the
command line to start the experiments:

./exp_regress.ss ../bin/rgf
./exp_classif square.ss ../bin/rgf
./exp_classif _expo.ss ../bin/rgf

(NOTE1) Each script could take some hours as it goes through a nurhbenfigurations over a number
of datasets. If you are interested in running only part ofekgeriments, comment out the lines you do not
want to run.

(NOTE2) You may need to customize the shell scripts for your enviremim
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A.1.2 Torunthe GBDT and AdaBoost experiments

In [2], Gradient Boosting Decision Tree (GBDT) [1] and Ada®b (see for example [3]). were also
tested for comparison. To run these experiments, you nebdve an additional executabdehers (or
others.exe on Windows) atrgf v1/bin. SeeREADME for how to buildothers.

The GBDT and AdaBoost results in the paper can be obtainedrining the following two scripts:

exp_square_gb to run the experiments with GBDT with square loss
exp_expo_gb_ada to run the experiments with GBDT with exponential loss andBdost

The scripts need to be executedrgff v1i/exp as they use relative path to access resources. They take
the name of the executable as an argument. The files endihg. eiti are Windows command files for
Windows users. Set the current directoryrfsf_v1/exp and enter the following at the Windows command
prompt, to start the experiments.

exp_square_gb ..\bin\others
exp_expo_gb_ada ..\bin\others

The files ending with. ss are shell scripts for the users of Unix-like systems. Enrterfbllowing in the
command line to start the experiments:

./exp_square_gb.ss ../bin/others
./exp_expo_gb_ada.ss ../bin/others

(NOTE1) Since ittakes many hours to run the entire set of experimeititsGBDT described in the paper,
the scripts above are configured to run selected best-parfgrconfigurations. Still, each script could take
some hours. If you are interested in running only part of ttpements, comment out the lines you do not
want to run.

(NOTE2) You may need to customize the shell scripts for your enviremim

A.1.3 Interpretation of the results

After running the experiments, the results are foundggt vi/exp/output. The*.perf files contain the
performance results; see Section 3.4 for the format. Mherf . log files contain the parameter settings
used for the corresponding perf files. The first part of the filename indicates the dataset anfiguration
asin:

datanamerun_config. perf [ . log]

dataname Dataset name. €yn...” and “rsyn...” are synthesized data for classification and
regression, respectively. It also indicates thgt v1/exp/input/datanameds
was used to configure the experiments.

run Run identifier. 01-10 for synthesized data and 01-03 forrsthe

config rgf v1/exp/input/config. alg was used to configure the experiments.
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A.1.4 Averaging the results of multiple runs
A tool to compute the average performance of several ruris,@esented in [2], is also provided:

avg runs leaf to plot performance against the number of leaf nodes
avg runs tree to plot performance against the number of trees

These take the executableg) as an argument. For example, set the current directorgtov1/exp and
enter in the Windows command prompt:

avg runs_leaf ..\bin\rgf

The scripts generate CSV files, one for each dataset,sglf4t100. csv contains all the results on the
64-leaf synthesized data classification results. Esdlgntiae performances can be plotted similarly to [2]
by using: the first column as theaxis values; the fourth and later columns as gkexis values; and the
first row as legends. More precisely, the format of the CS\é fideas follows.

Cell positions Meaning of values
row#=1, col#> 4 Short description of the configuration associated with ¢eisimn; can be used as leg-
ends to draw graphs.
row#=2, col#> 4 Long description of the configuration associated with tlaimn, which ends with

“(#run=k)” indicating the average was taken overuns.
row# > 3, col#=1 The number of leaf nodes if produced hyg_runs_leaf or the number of trees if
produced byavg_runs_tree; associated with the results in this row.
row# > 3, col#i=4,5,6 | Performance results of the best-performing non-RGF cordigns, judged by the
peak performance. Accuracy(%) for classification; squena €or regression.
row# > 3, col#> 7 Performance results of all the configurations. Accuracyf@t)classification; square
error for regression.

(NOTE1) To obtainthe same results as [2], it is important to make tatthe number of runs averaged is
correct — which is 10 on the synthesized data and 3 on thesotBdreck the long descriptions in the second
line of the CSV files. They should all end with “(#run=10)" dretsynthesized data and “(#run=3)" on the
other datasets. If not, something is wrong; check the peidioce files and log files irgf v1/exp/output.

(NOTE2) The results in [2] can be exactly reproduced by the provideaddivs executable, which was
compiled by Microsoft Visual C++ 2005 Express Edition. Theults may slightly vary when other compil-
ers are used due to the differences in compiler-dependettiniippoint processing and optimization.
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