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Abstract: Deep networks-based models have achieved excellent performances in various applications
for extracting discriminative feature representations by convolutional neural networks (CNN) or
recurrent neural networks (RNN). However, CNN or RNN may not work when handling data
without temporal/spatial structures. Therefore, finding a new technique to extract features instead of
CNN or RNN is a necessity. Gradient Boosted Decision Trees (GBDT) can select the features with
the largest information gain when building trees. In this paper, we propose an architecture based
on the ensemble of decision trees and neural network (NN) for multiple machine learning tasks,
e.g., classification, regression, and ranking. It can be regarded as an extension of the widely used
deep-networks-based model, in which we use GBDT instead of CNN or RNN. This architecture
consists of two main parts: (1) the decision forest layers, which focus on learning features from the
input data, (2) the fully connected layers, which focus on distilling knowledge from the decision forest
layers. Powered by these two parts, the proposed model could handle data without temporal/spatial
structures. This model can be efficiently trained by stochastic gradient descent via back-propagation.
The empirical evaluation results of different machine learning tasks demonstrate the the effectiveness
of the proposed method.

Keywords: Gradient Boosted Decision Trees; neural network; decision forest layer; back-propagation

1. Introduction

In the past few years, we have witnessed dramatic progress in the development of
deep neural networks. These models have achieved excellent performance in various
applications, e.g., object recognition in images [1–5], speech recognition [6,7], and natural
language processing [8–10]. One of the reasons that deep networks-based approaches (e.g.,
CNN [1,2,11], RNN [6,8,12]) succeed in these applications is that they are effective in ex-
tracting discriminative feature representations from data with spatial/temporal structures.
Li et al. [3] proposed a deep architecture reversible autoencoder for image reconstruction,
which integrated operators based on CNN. To refine the noise and speech, Lu et al. [7]
proposed a dual-stream spectrogram refine network (DSRNet), which was a deep model.

The attractive feature of CNN is its ability to exploit spatial or temporal correlation
in data [2,11], and it has turned out to be very good at learning intricate structures in
high-dimensional data [12,13]. The RNN unit holds a hidden state which empowers it to
process sequential data [14]. However, in many machine learning tasks, each of the data
samples is represented by a vector with effective hand-crafted features, where this vector
does not have any temporal/spatial structures [6,11,15]. For example, as shown in Table 1,
each instance of the Ecoli dataset (http://archive.ics.uci.edu/dataset/39/ecoli, accessed
on 15 January 2024) is a vector, each element of which is a feature extracted by different
methods. The dimension of each vector is one and the vector has no temporal structure,
so CNN or RNN cannot extract discriminative feature representations from such kinds of
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data. Therefore, creating an effective model for data without temporal/spatial structures
has become a necessity.

Representative approaches for these kinds of data are tree ensemble methods and
NN. The tree ensemble methods (e.g., random forest [16,17], GBDT [18–20]) have achieved
excellent performance in different tasks, e.g., learning-to-rank (LambdaMART [21]) and
binary classification (AdaBoost [22]). GBDT [18] is a regression model which consists of
a number of regression trees. It automatically selects the features with largest statistical
information gain and combines the selected features to fit the training targets well when
building trees, which allows it to effectively handle datasets with dense numerical features.
The difference between GBDT and random forest is that the trees in GBDT are trained
sequentially, while trees in random forest are trained independently. The first weakness
of GBDT is that the learned trees are not differentiable, which prevents these methods
from learning over large scale data. Another weakness of GBDT is its ineffectiveness when
learning datasets with sparse categorical features [23]. The information gain becomes small
when converting the sparse features into high-dimensional one-hot encodings. Although
there are some encoding methods which convert the sparse categorical features into dense
features directly, these methods will hurt the raw information as it is hard to distinguish
the encode values of different categories [23]. The two weaknesses cause GBDT to fail in
many machine learning tasks.

Table 1. The first 5 lines of the Ecoli dataset. Each line represents an instance and does not have any
temporal/spatial structures.

Mcg Gvh Lip Chg Aac Alm1 Alm2

0.29 0.30 0.48 0.50 0.45 0.03 0.17
0.22 0.36 0.48 0.50 0.35 0.39 0.47
0.23 0.58 0.48 0.50 0.37 0.53 0.59
0.47 0.47 0.48 0.50 0.22 0.16 0.26
0.54 0.47 0.48 0.50 0.28 0.33 0.42

NN [24] is a feedforward neural network, which makes up of a number of inter-
connected processing elements and processes information based on their dynamic state
response to external inputs. A number of studies have revealed the success of using NN in
different machine learning tasks, e.g., recommender systems [25] and online prediction [23].
The reason why NN is unique is that it can make models more accurate when handling com-
plex problems [23]. Therefore, the advantages of NN are efficient learning over large-scale
data and capability in learning over sparse categorical features by embedding structure.
Nevertheless, when learning dense numerical features, NN cannot outperform tree ensem-
ble methods. Although a fully connected neural network can directly handle the datasets
with dense numerical features, the performance may be unsatisfactory because the struc-
ture makes it susceptible to falling into local optimums when solving complex problems.
This is the reason why NN cannot outperform GBDT when handling datasets with dense
numerical features [26].

In this paper, we take a step forward to extend GBDT to a deep model. Specifically,
we propose a deep architecture that combines GBDT with the multi-layer perceptron
network [24]. As shown in Figure 1, from bottom to top, the proposed architecture has
four parts: (1) The input data layer in which each data sample is represented by a vector;
(2) The decision forest layer that consists of multiple hidden nodes. Each node is fitted by
an ensemble of decision trees. This layer focuses on learning features from the input data.
(3) Multiple fully connected layers, which focus on distilling knowledge from the decision
forest layers. (4) The loss layer. For each node in the decision forest layer, we develop a
GBDT-like method to generate a weighted sum of regression trees. Each tree is an estimated
approximate gradient for an iteration, making the decision forest layer to compatible with
back-propagation. Hence, the proposed deep architecture can be efficiently trained by
stochastic gradient descent via back-propagation, which allows the proposed method to
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outperform tree ensemble methods. Compared with NN and the deep models based on
convolutional networks or recurrent networks, the proposed method can select the useful
numerical features when handling data without temporal/spatial structures. The learning
task of DeepGBM is online prediction, which has to adapt the learning model to the online
data generation, while it is not necessary to consider the new arrival data for the proposed
method. There are a lot of models dedicated to solving concrete tasks, while our method is
used for multiple tasks.

……

……

……

……

Input x

Loss function

fully connected layers

decision forest layer

Figure 1. Overview of the proposed architecture. From bottom to top, this architecture consists of
four parts: (1) the input data layer; (2) the decision forest layer, which focuses on learning features
from the input data; (3) multiple fully connected layers, which focuses on distilling knowledge from
the decision forest layers; (4) the loss layer.

We conduct several experiments using eight datasets for multiple machine learning
tasks, where four are used for a classification task, two are used for a regression task,
and two are used for a ranking task. Comprehensive experimental results verified the
effectiveness of the proposed architecture, e.g., it shows 2.22%, 2.16% and 5.60% increase
against the corresponding second-best baseline on the Protein, Seismic and Isolet datasets,
respectively. In summary, the fundamental contributions of this paper are listed as follows:
(1) We propose an architecture based on GBDT and NN for multiple machine learning
tasks, which could handle data without temporal/spatial structures. (2) We present a
back-propagation procedure which will allow us to update the parameters by stochastic
gradient descent. (3) We conduct empirical evaluations on several datasets for classification,
regression, and ranking. The experimental results show that the proposed method can
outperform the other methods.

The rest of this paper is organized as follows. We present the related work in Section 2
and present the different parts of the proposed architecture in Section 3. In Section 4, we
present a back-propagation procedure to update the parameters by stochastic gradient
descent for different machine learning tasks. All the experimental results are shown in
Section 5. In Section 6, we present the complexity of the proposed architecture. Finally, we
conclude our work in the Section 7.

2. Related Work

Random forest [16,17] is a widely used procedure which generates a number of
regression or classification trees. Each tree is constructed by randomly selecting subsets of
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features. The results from the trees are aggregated to provide a prediction for each data,
which leads to random forest providing higher accuracy in contrast with a single decision
tree. Boosting is a successful technique for different machine learning problems, which was
first proposed by Freund et al. in the form of the AdaBoost method [22]. This technique
has been widely used in data analysis and real-world applications. AdaBoost uses decision
trees as weak learners and integrates the decision trees into a strong classifier with the
boosting technique. Recently, different machine learning systems have been proposed to
train GBDT, e.g., XGBoost [26], LightGBM [27] and DimBoost [28].

It is worth noting that different models have been proposed [23,29,30] by combining
tree ensemble methods and NN. Sethi [31] shows how to map a decision tree into a multi-
layer perceptron network structure. Scornet et al. [29] show that each regression tree can
be regarded as a particular multi-layer perceptron network and the random forest can be
reformulated into a multi-layer perceptron network by restructuring several randomized
regression trees as a collection of the multi-layer perceptron networks with particular
connection weights. They first learn a random forest, and then extracted all the split
directions and split positions to build the multi-layer perceptron network initialization
parameters. Wang et al. [30] propose a novel model of decision-tree like the multi-layer
perceptron network (NNRF), which has similar properties as a decision tree. Similar with
random forest, NNRF has one path activated for each input, which leads it is efficient
when performing forward and backward propagation. This technique also makes it easy to
handle small datasets as the number of parameters is relatively small. NNRF learns complex
functions when choosing the relevant paths of each node, which leads it outperforming
random forest. Integrating GBDT and NN, Ke et al. [23] propose a learning framework
DeepGBM for online prediction tasks. The framework consists of two parts: CatNN focuses
on sparse categorical features and GBDT2NN focuses on handling dense numerical features.
Powered by the above parts, this model has a strong learning capacity over numerical
tabular features and categorical features while still having the ability to achieve efficient
online learning.

3. Methodology
3.1. GBDT Algorithm

In this paper, we take a step forward by extending GBDT to a deep model. It is
necessary to give the specific steps of GBDT. Given a training set {(xj, yj)}M

m=1, xm is a
vector which represents the mth data point, ym is the predicted label. Each step is indicated
as follows [20]:

Step 1: Compute the initial constant value γ by

F0(x) = argminγ

m

∑
i=1

L(yi, γ), (1)

where L(yi, γ) represents the loss function.
Step 2: The residual along the gradient direction is defined as

ŷi = −[
∂L(yi, F(xi))

∂F(xi)
] f (x)= fn−1(x), (2)

where n represents the number of iterations.
Step 3: By fitting the data into the initial model T(xi), we can construct a tree, where

the parameter αn of the tree is based on the following expression as

αn = argminα,β

m

∑
i=1

(ŷi − βT(xi))
2. (3)
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Step 4: After minimizing the following loss function, we obtain the weight of the
current model

γn = argminγ

m

∑
i=1

L(yi, Fn−1(x) + γT(xi)). (4)

Step 5: The new model is updated as

Fn(x) = argminγ

m

∑
i=1

L(yi, Fn−1(x) + γT(xi)). (5)

The residual of the former decision tree is the input for the next decision tree, which
can reduce the residual, and the loss decreases following the negative gradient direction in
each iteration. After n iterations, we will learn a model which consists of n decision trees.
The final result is determined by the sum of results from all the decision trees.

3.2. Proposed Architecture

The proposed architecture is a deep neural network which consists of an input layer, a
decision forest layer, multiple fully connected layers, and a loss layer. In this section, we
will present these parts, respectively.

3.2.1. Input Layer

The motivation of the proposed architecture is to tackle the machine learning tasks
whose data samples are represented by vectors with effective hand-crafted features, where
each vector does not have any temporal/spatial structures. Hence, the input layer accepts
data points in the form of vectors. We denote Lin as the input layer.

3.2.2. Decision Forest Layer

The input layer is a decision forest layer, which is the crucial part of the proposed
architecture and focuses on learning features from the input data. This layer consists of n
hidden nodes, where each node is an ensemble of k decision trees. Specifically, we denote
L f as the decision forest layer and a f as the output vector of the decision forest layer. For
an input point x, the i-th (i = 1, 2, . . . , n) element in a f (i.e., the i-th hidden node in L f ) can
be calculated by

a f
i = gi(x) = ri + s

k

∑
j=1

T(i)
j (x), (6)

where ri is the initial value of a f
i , T(i)

j (j = 1, 2, . . . , k) represents a regression tree, and s is a
pre-defined shrinkage coefficient. The structure and parameters in each regression tree can
by determined during the back-propagation process (see Section 4 for details).

3.2.3. Fully Connected Layers

On top of the decision forest layer, we construct multiple fully connected layers which
are widely used in neural networks. The input of layer is the output of the decision forest
layer. We denote Ld1 , Ld2 , . . . , Ldm as the fully connected layers on top of the decision forest
layer. Suppose zdi , adi are the input and output (after activation) of Ldi

(i = 1, 2, . . . , m).
Then, we have the following:

zd1 = W f a f ,

adi = f (zdi ) (i = 1, 2, . . . , m),

zdi+1 = Wdi adi + bdi (i = 1, 2, . . . , m− 1),

(7)

where function f () represents the activation function and the matrix Wdi and the vector bdi

are the parameters in the i-th fully connected layer.
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3.2.4. Loss Layer

On top of the last fully connected layer Ldm , we can define a loss layer for a specific
machine learning task.

For classification, the output is adm = h(x) = (h1(x), h2(x), h3(x), . . . hK(x)), where K
is the number of classes. Follow softmax [32], loss layer is defined by [33]:

J(h(x), y) = −
K

∑
k=1

I(y = k) log p(y = k|x), (8)

where I is an indicator function and

p(y = k|x) = ehk(x)

∑ehj(x)

j=1

. (9)

The gradient is as follows:

δdm =
∂

∂zdn
J(h(x), y) = p(y = k|x)− I(y = k). (10)

For regression, square loss is used to define the loss layer:

J(adm , y) =
1
2
||adm − y||2. (11)

The gradient is as follows:

δdm =
∂

∂zdn
J(h(x), y) = zdn − y. (12)

For ranking, we use LambdaRank [21] to define the loss layer, which was based on
RankNet [34] and directly optimizes Normalized Discounted Cumulative Gain (NDCG) [35].
NDCG is an evaluation metric and will be introduced later. Given a query set x1, x2 . . . , xn,
the output is s1, s2 . . . , sn. The cost function of RankNet is as follows:

J(si, sj) = ∑
Ri>Rj

log(1 + e−σ(si−sj)), (13)

where σ is a parameter that determines the shape of the sigmoid and Ri > Rj represents
document xi, which ranks higher than xj. The gradient is

∂J
∂si

= λi = ∑
Ri>Rj

λij − ∑
Rj>Ri

λij, (14)

where

λij =
∂J(si − sj)

∂si
= σ(I(Ri > Rj)−

1

1 + e−σ(si−sj)
). (15)

The LambdaRank’s key observation is that the costs themselves are unnecessary,
except for the gradients. Following LambdaRank, we have

λij =
∂J(si − sj)

∂si

= σ(I(Ri > Rj)−
1

1 + e−σ(si−sj)
) | ∆NDCG |,

(16)
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where | ∆NDCG | is the size of change in metric NDCG by swapping the data point xi and
xj. The gradient is as follows:

δdm = ∑
Ri>Rj

λij − ∑
Rj>Ri

λij

= ∑
Ri>Rj

−σ | ∆NDCG |
1 + e−σ(si−sj)

− ∑
Rj>Ri

−σ | ∆NDCG |
1 + e−σ(si−sj)

.
(17)

4. Optimization

Training the proposed architecture requires trying to find a solution to the parameters
({T(j)

i }
j=1,2,...,n
i=1,2,...,k , {Wl , bl}l=1,2,...,m) that minimizes the loss function. As shown in Algorithm 1,

we present a back-propagation procedure to update these parameters by stochastic gradi-
ent descent.

Algorithm 1 The back-propagation procedure for the proposed architecture

Input: training set {(xj, yj)}M
j=1, maximal iteration number k, number

n of hidden nodes in the decision forest layer, the shrinkage s.
Output: {T(j)

i }
j=1,2,...,n
i=1,2,...,k , {Wl , bl}l=1,2,...,m

1. Initialize: p← 0 and randomly initialize ri (i = 1, 2, . . . , n),
{Wl , bl}l=1,2,...,m by Gaussian distribution.
2. Repeat:
3. Calculate a f , zdi , adi , J (i = 1, 2, . . . , m) by Equations (6)–(8) via
forward propagation.
4. Update {Wl , bl}l=1,2,...,m by Equation (20).

5. For i = 1, 2, . . . , n, add a new tree T(i)
p to the ensemble of the i-th

hidden node in the decision forest layer by Equation (22).
6. p← p + 1.
7. Until p = T.

Since the fully connected layer is an easy studied component in neural networks,
the parameters {Wl , bl}l=1,2,...,m in the fully connected layers can be updated by stochastic
gradient descent via back-propagation. Specifically, suppose

δi =
∂J

∂zdi
(i = 1, 2, . . . , m), (18)

then we have:

δdi = ((Wdi )Tδdi+1)⊙ f ′(zdi ),

∇Wdi = δdi+1(adi )T ,

∇bdi = δdi+1 ,

(19)

and

Wdi ←Wdi − α∇Wdi ,

bdi ← bdi − α∇bdi ,
(20)

where ⊙ represents the element-wise multiplication for matrices and α is the learning rate.
In the decision forest layer, the regression trees in each of the n hidden nodes are

constructed one by one. For each hidden node, we add one tree in an iteration of back-
propagation. Specifically, in the p-th iteration of back-propagation (p = 1, 2, . . . , k), the
negative gradient for the decision forest layer can be calculated as follows:

r f = −δ f = (W f )Tδd1 . (21)
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We denote r f
i as the i-th element in r f (i = 1, 2, . . . , n). Then, r f

i is the residual for the
i-th hidden node in the decision forest layer. For a specific input x, we can obtain a residual
r f

i (x). Then, for all of the training samples x1, x2, . . . , xM, we can obtain {(xj, r f
i (xj))}M

j=1.

After that, following the third step of GBDT [20], we construct a new regression tree T(i)
p (.)

by solving the problem min
T(i)

p

1
2 ∑M

j=1(T
(i)
p (xj)− r f

i (xj))
2. The ensemble of the tree in the

i-th hidden node can be updated as follows:

gi(x)← gi(x) + sT(i)
p (x), (22)

where s is the shrinkage coefficient.

5. Experiments

We evaluate the proposed method (The source code has been released at https://
github.com/dllinhe2017/Dgbdt, accessed on 1 January 2024) using several datasets for
different tasks in this section. For classification, we compare the proposed method against
the three most closely related baselines:

• GBDT [18], which consists of an ensemble of regression trees. It automatically selects
the features with largest statistical information gain and combines the selected features
to fit the training targets well when building trees.

• MLP [24], which makes up a number of interconnected processing elements and
processes information by their dynamic state response to external inputs. We report
the experimental results of two different models: MLP_1 and MLP_2, where MLP_1
includes one hidden-layer and MLP_2 includes two hidden layers.

• NNRF [30], a novel model of decision-tree like the multi-layer perceptron network,
which has similar properties to a decision tree (The author of NNRF only reported the
experimental results for the classification task, so we neglected to select NNRF as the
baseline method for the regression task). It has one path activated for each input.

For regression, we compare our method against two most closely related baselines:
GBDT and MLP.

For ranking, we compare our method against the two most closely related baselines:

• Ranknet [34], which is a pair-based neural network method and learns the ranking
functions by a probabilistic cost. Two sentences from the same document generated a
pair and the label is determined by the scores of sentences.

• LambdaMART [21], which is based on Ranknet and directly optimizes NDCG. Lamb-
daMART defines a weight parameter to represent the difference in NDCG when
swapping a pair of documents. It is then used to update the weight in the next
iteration.

5.1. Datasets

We evaluate the proposed methods and the baselines on four datasets for classification
(https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multiclass, accessed on 21
January 2023) and two for regression (http://archive.ics.uci.edu/, accessed on 22 January
2023), respectively. The statistics information of these datasets is shown in Table 2. In
particular, Isolet is a dataset that was used to predict which letter was spoken. Gesture is a
dataset that was used to study gesture phase segmentation. The features of the datasets are
hand-crafted and the structures of the datasets are not temporal/spatial.

https://github.com/dllinhe2017/Dgbdt
https://github.com/dllinhe2017/Dgbdt
https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multiclass
http://archive.ics.uci.edu/
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Table 2. Statistics information of the datasets for classification or regression.

Dataset Instances Features Train/Test Split Task

Protein 17,766 357 12,436/5330 Classification
Seismic 581,012 54 406,712/174,300 Classification
Isolet 7797 617 5458/2339 Classification

Gesture 9873 32 6911/2962 Classification
Slices 53,500 386 48,150/5350 Regression

YearPredictMSD 515,345 90 463,811/51,534 Regression

For ranking, we use MQ2007 and MQ2008 (https://www.microsoft.com/en-us/
research/project/letor-learning-rank-information-retrieval/letor-4-0/, accessed on 24 Jan-
uary 2023) to evaluate the proposed methods and the baselines. The statistical information
is shown in Table 3.

Table 3. Statistical information of the datasets for ranking.

Dataset Number of Documents Number of Queries Features

MQ2007 6,962,598 1700 46
MQ2008 15,211 800 46

5.2. Evaluation Metrics

For classification, we use the accuracy as the evaluation metric. Specifically, for a test
set {xi, yi}N

i=1, let pi be the predicted class label of xi (i = 1, 2, . . . , N), then let the accuracy
rate be defined by

Accuracy =
∑N

i=1 I(yi = pi)

N
, (23)

where I(condition) is an indicator function that I(condition) = 0 if the condition is false;
otherwise, I(condition) = 1.

For regression, we use the Root of Mean Square Error (RMSE) as the evaluation metric.
Specifically, for a test set {xi, yi}N

i=1, let pi be the predicted value of xi (i = 1, 2, . . . , N), then
let the RMSE be defined by

RMSE =

√
∑N

i=1(yi − pi)2

N
. (24)

For ranking, we use NDCG and Mean Average Precision (MAP) [36,37] as the evalua-
tion metrics. For a given set of search results, the Discounted Cumulative Gain (DCG) is

DCG@T =
T

∑
i=1

2li − 1
log(1 + i)

, (25)

where T is a value representing the truncation level (usually less 10), and li is the label of
the ith listed URL. And the NDCG is defined by

NDCG@T =
DCG@T

max DCG@T
. (26)

MAP is defined by

MAP =
∑Q

q=1 AveP(q)

Q
, (27)

where Q represents the number of queries,

AveP(q) =
∑n

k=1(P(k)× rel(k))
NumD

, (28)

https://www.microsoft.com/en-us/research/project/letor-learning-rank-information-retrieval/letor-4-0/
https://www.microsoft.com/en-us/research/project/letor-learning-rank-information-retrieval/letor-4-0/
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where P(k) is the list’s precision at cut-off k. rel(k) is also an indicator function. It is equal
to 0 if the item at rank k is a irrelevant document, and is equal 1 otherwise, and NumD is
the number of relevant documents.

5.3. Experiment Settings

As shown in Figure 2, there are several parameters (the number of hidden nodes in
forestnet is J_1, the number of trees is K, and the number of hidden nodes in the fully
connected layer is J_2 in the proposed model. The sensitivity of the three parameters will
be analyzed in detail in Section 5.5.

Figure 2. Structure of the proposed model for classification or regression tasks: (1) The decision
forest layer (Forestnet) consists of J_1 hidden nodes. Each node has an ensemble of K. (2) The fully
connected layer (Ip1) has J_2 hidden nodes. (3) The fully connected layer (Ip2) has C hidden nodes
(for classification, C is the number of classes, and for regression, C = 1).

In the parameter tuning procedure for both the proposed and competitor methods,
10-fold cross validation is used. Note that no test data are involved in the parameter tuning.
Given a training set, we divide it into 10 parts. One is chosen to be a validation set, while
the remaining nine parts are used as the corresponding training set. The experiments
are repeated 10 times and the 10 experiments are averaged to produce the best values of
different parameters.

For all the classification tasks or the regression tasks, it is worth noting that the
parameters J_1 and J_2 are chosen in the set {50, 100, 150, 200, 250, 300} by cross-validation.
The parameter K is chosen in the set {100, 200, 300, 400, 500}. The shrinkage rate is 0.01. We
use ReLU as the activation function. The proposed model is trained by minibatch gradient
descent, in which we set the learning rate to 0.01, the momentum to 0.9, and the weight
decay to 0.0001.

There are several parameters to set in the baseline algorithms. To ensure a fair compar-
ison with the proposed model, it is worth noting that the parameter K in GBDT is chosen in
the set {100, 200, 300, 400, 500} by cross-validation; the parameter J_1 in MLP_1 is chosen
in the set {50, 100, 150, 200, 250, 300}; parameters J_1 and J_2 in MLP_2 are chosen in the
set {50, 100, 150, 200, 250, 300}; the number of layers d in NNRF is chosen in the set {3, 4, 5};
the parameter J_1 is chosen in the set {50, 100, 150, 200, 250, 300} by cross validation, the
depth of regression trees is set to be 3.

For the ranking tasks, in the decision forest layer, the number of the hidden nodes
is J_1 = 24, each node has an ensemble of K = 700, and the shrinkage rate is 0.1. In the
fully connected layer, the number of the hidden nodes is 12. Every fully connected layer
uses maxout with a rate of 0.5. The proposed model is also trained by stochastic gradient
descent, in which the learning rate is 0.01, the momentum is 0, and the weight decay is 0.05.

5.4. Results

Table 4 shows the comparison results for four datasets for classification tasks. We can
observe that the proposed method shows superior performance gains over the baselines
on the four datasets. Some statistics are listed below. For Gesture, the results of our
method indicate a relative increase of 25.20% compared to the corresponding second-best
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baseline. The proposed method also shows 2.22%, 2.16% and 5.60% increase against the
corresponding second-best baseline for the Protein, Seismic and Isolet datasets, respectively.

Table 5 shows the comparison results on two datasets for regression tasks. We can
observe that the proposed method performs better than the baselines. Next, we will list
some statistics. The proposed method shows 54.52% and 0.97% decreases against the
corresponding second-best baseline on the Slices dataset and YearPredictMSD dataset,
respectively.

Table 4. Comparison results with respect to the classification accuracy rate. On each dataset, 10 test
runs were conducted and the average performance as well as the variance (numbers in parentheses)
is reported.

Methods Protein Seismic Isolet Gesture

GBDT 0.702 (0.00078) 0.713 (0.00172) 0.813 (0.00067) 0.488 (0.00096)
MLP_1 0.803 (0.00175) 0.737 (0.00084) 0.596 (0.00093) 0.456 (0.00087)
MLP_2 0.811 (0.00162) 0.742 (0.00178) 0.616 (0.00128) 0.477 (0.00114)
NNRF 0.693 (0.00074) 0.711 (0.00076) 0.857 (0.00145) 0.462 (0.00098)
Ours 0.829 (0.00093) 0.768 (0.00069) 0.905 (0.00081) 0.611 (0.00078)

Table 5. Comparison Results with respect to RMSE. On each dataset, 10 test runs were conducted
and the average performance as well as the variance (numbers in parentheses) is reported.

Methods Slices Dataset YearPredictMSD Dataset

GBDT 5.18 (0.00193) 9.38 (0.00487)
MLP_1 5.78 (0.00253) 9.33 (0.00284)
MLP_2 5.63 (0.00272) 9.31 (0.00354)
Ours 2.56 (0.00383) 9.22 (0.00283)

Tables 6 and 7 list the results for two datasets. For MQ2007, we can observe that our
method outperforms RankNet and LambdaMART on all metrics. For MQ2008, we can also
observe our method has superior performance gains over RankNet and LambdaMART on
the metrics of NDCG@1 and mean NDCG, although it performs worse than LambdaMART
on the metrics of NDCG@3 and MAP. The difference is negligible.

Table 6. Comparison results for MQ2007. Ten test runs were conducted and the average performance,
as well as the variance (numbers in parentheses), is reported.

Methods NDCG@1 NDCG@3 Mean NDCG MAP

RankNet 0.3418 (0.00074) 0.3519 (0.00074) 0.4518 (0.00074) 0.4224 (0.00074)
LambdaMART 0.4137 (0.00074) 0.4157 (0.00074) 0.5035 (0.00074) 0.4684 (0.00074)

Ours 0.4157 (0.00074) 0.4178 (0.00074) 0.5061 (0.00074) 0.4712 (0.00074)

Table 7. Comparison Results on MQ2008. Ten test runs were conducted and the average performance,
as well as the variance (numbers in parentheses), is reported.

Methods NDCG@1 NDCG@3 Mean NDCG MAP

RankNet 0.3400 (0.00104) 0.4000 (0.00058) 0.4599 (0.00062) 0.4515 (0.000118)
LambdaMART 0.3753 (0.00068) 0.4312 (0.00084) 0.4879 (0.00058) 0.4765 (0.00099)

Ours 0.3766 (0.00056) 0.4304 (0.00074) 0.4882 (0.00083) 0.4764 (0.00089)

5.5. Parameter Analysis

The most important parameters of the proposed framework are the number of hidden
nodes J_1 in the decision forest layer, the number of trees K of each node, and the number
of hidden nodes J_2 in the fully connected layer. We conduct experiments to investigate
the effects on classification performances with different values of the three parameters. In
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the experiment, we use five-fold cross validation on the training data to set the parameters.
Note that no test data are involved.

To investigate the effects of the number of hidden nodes J_1 in the decision forest layer,
we first fix K and J_2 to be 100. We then vary the values of J_1 as {50, 100, 150, 200, 250, 300}.
We report the results of the proposed method with different values of J_1 on Seismic and
Protein. For comparison, we also provide the result of the best baseline. The results are
shown in Figures 3 and 4. Based on the figures, we make the following observations: (i) The
performance of the proposed method is fairly good when J_1 is from 50 to 300. (ii) From
the point of view of trade-offs between training cost and performance, it seems like a
reasonable point when setting J_1 to be a value within [100, 200]. (iii) The performance of
the proposed method increases a little on Seismic and Protein when J_1 is set to be bigger
than 100.
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Figure 3. Results with different values of the number of hidden nodes J_1 in the decision forest layer
on Gesture (K = 100, J_2 = 100).
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Figure 4. Results with different values of the number of hidden nodes J_1 in the decision forest layer
on Seismic (K = 100, J_2 = 100).

To investigate the effects of the number of hidden nodes J_2 in the fully connected layer,
we first select K and J_1 to be 100. We then vary the values of J_2 as {50, 100, 150, 200, 250, 300}.
We report the results of the proposed method with different values of J_2 for Seismic and
Protein. For comparison, we also present the result of the best baseline. The results are
shown in Figures 5 and 6. Based on the figures, we make the following observations: (i)
the performance of the proposed method is fairly good when J_2 is from 50 to 300; (ii)
from the point of view of trade-offs between training cost and performance, it seems like a
reasonable point when setting J_1 to be 100.
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Figure 5. Results with different values of the number of hidden nodes J_2 in the fully connected layer
on Seismic (K = 100, J_1 = 100).
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Figure 6. Results with different values of the number of hidden nodes J_2 in the fully connected layer
on Protein (K = 100, J_1 = 100).

To investigate the effects of the number of trees K of each node in the decision forest
layer, we first set J_1 and J_2 to be 100 and set the value of J_2 to be 50 to 500. We report
the results of the proposed method with different values of K on Gesture. The results
are shown in Figure 7. Based on the figure, we make the following observations: (i) the
performance of the results increases at first and then increases a little; (ii) from the point of
view of trade-offs between training cost and performance, it seems like a reasonable point
when setting K to be 100.
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Figure 7. Results with different values of the number of trees K of each node in the decision forest
layer on Gesture (J_1 = 100, J_2 = 100).

6. Complexity

The proposed method uses an architecture with a decision forest layer, followed by
two fully connected layers and then the loss layer. Compared to GBDT, the proposed model
has additional fully connected layers when the number of hidden nodes in the decision
forest layer is set to be one. Compared to MLP, the proposed model has an extra decision
forest layer.
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7. Conclusions

The deep networks-based approaches do not work when handling data without spa-
tial/temporal structures. To address this challenge, we propose a deep architecture that
combines NN with GBDT, which takes advantage of GBDT’s ability to learn dense numer-
ical features and NN’s strength in learning sparse categorical features by an embedding
structure. Specifically, the architecture consists of two major parts: the decision forest
layers focus on learning features from the input data and the fully connected layers focus
on distilling knowledge from the decision forest layers. We designed an optimization
procedure to train the proposed model via back-propagation. Although comprehensive
experimental results verified the effectiveness of the proposed architecture, there are still
some limitations: (1) it is not effective for all datasets, especially when learning datasets
with sparse categorical features, because the experimental result is influenced by the specific
context; (2) it has higher computational complexity in contrast to GBDT.
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