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Abstract

Random forests on the one hand, and neural networks on the other hand, have met great
success in the machine learning community for their predictive performance. Combinations of
both have been proposed in the literature, notably leading to the so-called deep forests (DF) [25].
In this paper, we investigate the mechanisms at work in DF and outline that DF architecture can
generally be simplified into more simple and computationally efficient shallow forests networks.
Despite some instability, the latter may outperform standard predictive tree-based methods. In
order to precisely quantify the improvement achieved by these light network configurations over
standard tree learners, we theoretically study the performance of a shallow tree network made
of two layers, each one composed of a single centered tree. We provide tight theoretical lower
and upper bounds on its excess risk. These theoretical results show the interest of tree-network
architectures for well-structured data provided that the first layer, acting as a data encoder, is
rich enough.

1 Introduction

Deep Neural Networks (DNNs) are among the most widely used machine learning algorithms. They
are composed of parameterized differentiable non-linear modules trained by gradient-based methods,
which rely on the backpropagation procedure. Their performance mainly relies on layer-by-layer
processing as well as feature transformation across layers. Training neural networks usually requires
complex hyper-parameter tuning [I] and a huge amount of data. Although DNNs recently achieved
great results in many areas, they remain very complex to handle, unstable to input noise [24] and
difficult to interpret [14].

Recently, several attempts have been made to consider networks with non-differentiable modules.
Among them the Deep Forest (DF) algorithm [25], which uses Random Forests (RF) [6] as neurons,
has received a lot of attention in recent years in various applications such as hyperspectral image
processing [13], medical imaging [19], drug interactions [I8] [22] or even fraud detection [23].

Since the DF procedure stacks multiple layers, each one being composed of complex nonparametric
RF estimators, the rationale behind the procedure remains quite obscure. However DF methods
exhibit impressive performance in practice, suggesting that stacking RFs and extracting features
from these estimators at each layer is a promising way to leverage on the RF performance in the
neural network framework.

Related Works. Different manners of stacking trees exist, as the Forwarding Thinking Deep
Random Forest (FTDRF), proposed by [I5], for which the proposed network contains trees which
directly transmit their output to the next layer (contrary to deep forest in which their output is first
averaged before being passed to the next layer). A different approach by [§] consists in rewriting tree
gradient boosting as a simple neural network whose layers can be made arbitrary large depending on
the boosting tree structure. The resulting estimator is more simple than DF but does not leverage
on the ensemble method properties of random forests.



In order to prevent overfitting and to lighten the model, several ways to simplify DF architecture
have been investigated. [16] considers RF whose complexity varies through the network, and combines
it with a confidence measure to pass high confidence instances directly to the output layer. Other
directions towards DF architecture simplification are to play on the nature of the RF involved [3]
(using Extra-Trees instead of Breiman’s RF), on the number of RF per layer [10] (implementing layers
of many forests with few trees), or even on the number of features passed between two consecutive
layers [I8] by relying on an importance measure to process only the most important features at each
level. The simplification can also occur once the DF architecture is trained, as in [I1] selecting in each
forest the most important paths to reduce the network time- and memory-complexity. Approaches
to increase the approximation capacity of DF have also been proposed by adjoining weights to trees
or to forests in each layer [20] [21I], replacing the forest by more complex estimators (cascade of
ExtraTrees) [2], or by combining several of the previous modifications notably incorporating data
preprocessing [9]. Overall, the related works on DF exclusively represent algorithmic contributions
without a formal understanding of the driving mechanisms at work inside the forest cascade.

Contributions. In this paper, we analyze the benefit of combining trees in network architecture
both theoretically and numerically (on simulated and real-world datasets). We show in particular
that much lighter configuration can be on par with DF default configuration, leading to a drastic
reduction of the number of parameters in few cases. For most datasets, considering DF with two
layers is already an improvement over the basic RF algorithm. However, the performance of the
overall method is highly dependent on the structure of the first random forests, which leads to
stability issues. By establishing tight lower and upper bounds on the risk, we prove that a shallow
tree-network may outperform an individual tree in the specific case of a well-structured dataset if
the first encoding tree is rich enough. This is a first step to understand the interest of extracting
features from trees, and more generally the benefit of tree networks.

Agenda. DF are formally described in Section [2| Section [3]is devoted to the numerical study of
DF, by evaluating the influence of the number of layers in DF architecture, by showing that shallow
sub-models of one or two layers perform the most, and finally by understanding the influence of tree
depth in cascade of trees. Section [ contains the theoretical analysis of the shallow centered tree
network. For reproducibility purposes, all codes together with all experimental procedures are to be
found at https://github.com/Ludovic-arnould/Deep-Forest.

2 Deep Forests

2.1 Description

Deep Forest [25] is a hybrid learning procedure in which random forests are used as the elementary
components (neurons) of a neural network. Each layer of DF is composed of an assortment of Breiman’s
forests and Completely-Random Forests (CRF) [25] and trained one by one. In a classification setting,
each forest of each layer outputs a class probability distribution for any query point x, corresponding
to the distribution of the labels in the node containing x. At a given layer, the distributions output
by all forests of this layer are concatenated, together with the raw data. This new vector serves as
input for the next DF layer. This process is repeated for each layer and the final classification is
performed by averaging the forest outputs of the best layer (without raw data) and applying the
argmax function. The overall architecture is depicted in Figure [T}

2.2 DF hyperparameters

Deep Forests contain an important number of tuning parameters. Apart from the traditional
parameters of random forests, DF architecture depends on the number of layers, the number of
forests per layer, the type and proportion of random forests to use (Breiman or CRF). In [25], the
default configuration is set to 8 forests per layer, 4 CRF and 4 RF, 500 trees per forest (other forest
parameters are set to sk-learn [I7] default values), and layers are added until 3 consecutive layers
do not show score improvement.

Due to their large number of parameters and the fact that they use a complex algorithm as
elementary bricks, DF consist in a potential high-capacity procedure. However, as a direct consequence,
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Figure 1: Deep Forest architecture (the scheme is taken from [25])

the numerous parameters are difficult to estimate (requiring specific tuning of the optimization
process) and need to be stored which leads to high prediction time and large memory consumption.
Besides, the layered structure of this estimate, and the fact that each neuron is replaced by a powerful
learning algorithm makes the whole prediction hard to properly interpret.

As already pointed out in the Related works paragraph, several attempts to lighten the architecture
have been conducted. In this paper, we will propose and assess the performance of a lighter DF
configuration on tabular datasets.

Remark 1. Deep Forest [25] was first designed to handle images. To do so, a pre-processing network
called Multi Grained Scanning (MGS) based on convolution methods is first applied to the original
images. Then the Deep Forest algorithm runs with the newly created features as inputs.

3 Refined numerical analysis of DF architectures

In order to understand the benefit of using a complex architecture like Deep Forests, we compare
different configurations of DF on six datasets in which the output is binary, multi-class or continuous,
see Table[T] for description. All classification datasets belong to the UCI repository, the two regression
ones are Kaggle datasets (Housing data and Airbnb Berlin 2020) E

Dataset Type Train/Test Size Dim
Adult Class. (2) 32560 / 16281 14
Higgs Class. (2) 120000 / 80000 28
Letter  Class. (26) 16000 / 4000 16

Yeast  Class. (10) 1038 / 446 8
Airbnb Regr. 91306 / 39132 13
Housing Regr. 1095/ 365 61

Table 1: Description of the datasets used in numerical experiments. The number of classes is shown
in parenthesis for the four classification datasets.

In what follows, we propose a light DF configuration. We show that, in most cases (particularly
in classification), our light configuration performance is comparable to the performance of the default
DF architecture of [25], thus questioning the relevance of deep models. Therefore, we analyze the
influence of the number of layers in DF architectures, showing that DF improvements mostly rely on
the first layers of the architecture. Finally, to gain insights about the quality of the new features
created by the first layer, we consider a shallow tree network for which we evaluate the performance
as a function of the first-tree depth.

3.1 Towards DF simplification

Setting. We compare the performance of the following DF architectures on the datasets summarized
in Table [Tt

Thttps://www.kaggle.com/raghavs1003/airbnb-berlin-2020
https://www.kaggle.com/c/house-prices-advanced-regression-techniques/data




(i) the default setting of DF introduced by [25] and described in the above section,

(ii) the best DF architecture obtained by grid-searching over the number of forests per layer, the
number of trees per forest, and the maximum depth of each tree in the forests;

(iii) a new light DF architecture, composed of 2 layers, 2 forests per layer (one RF and one CRF)
with only 50 trees of depth 30 trained only once.

Results. The results are presented in Figures [2] and [3] Each bar plot respectively corresponds to
the average accuracy or the average R? score over 10 tries for each test dataset; the error bars stand
for accuracy or R? standard deviation. The description of the resulting best DF architecture for each
dataset is given in Table [S2| (in the appendix).
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Figure 2: Comparison between different DF architectures in terms of accuracy for classification
datasets (10 runs per bar plot).
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Figure 3: Comparison between different DF architectures in terms of R? score for regression datasets
(10 runs per bar plot).

As highlighted in Figure [2] the performance of the light configuration for classification datasets
is comparable to the default and the best configurations, while being much more computationally
efficient (faster to train, faster at prediction, cheaper in terms of memory). This should be qualified
by the yardstick of dataset regression results (see Figure . Indeed, for this type of problems, each
forest in each layer output a scalar compared to the classification tasks in which the output is a
vector whose size equals the number of classes. Therefore in regression, the extracted representation
at each layer is simplistic thus requiring a deeper architecture.

Overall, for classification tasks, the small performance enhancement of deep forests (Default or
Best DF) over our light configuration should be assessed in the light of their additional complexity.
This questions the usefulness of stacking several layers made of many forests, resulting into a heavy
architecture. We further propose an in-depth analysis of the contribution of each layer to the global
DF performance.

3.2 Tracking the best sub-model

Setting. On all the previous datasets, we train a DF architecture by specifying the number p of
layers. Unspecified hyper-parameters are set to default value (see Section . For each p, we consider



the truncated sub-models composed of layer 1, layer 1-2, ..., layer 1-p, where layer 1-p is the original
DF with p layers. For each value of p, we consider the previous nested sub-models with 1,2,...,p
layers, and compute the predictive accuracy of the best sub-model.

Results. We only display results for the Adult dataset in Figure {4 (all the other datasets show
similar results, see Appendix . We observe that adding layers to the Deep Forest does not
significantly change the accuracy score. Even if the variance changes by adding layer, we are not able
to detect any pattern, which suggests that the variance of the procedure performance is unstable
with respect to the number of layers.
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Figure 4: Adult dataset. Boxplots over 10 runs of the accuracy of a DF sub-model with 1 forest by
layer (left) or 4 forests by layer (right), depending on the number of layers of the global DF model.
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Figure 5: Adult dataset. Heatmap counting the optimal layer index over 10 tries of a default DF with
1 (Breiman) forest per layer (left) or 4 forests (2 Breiman, 2 CRF) per layer (right), with respect to
the maximal number of layers. The number corresponding to (m,n) on the x- and y-axes indicates
how many times out of 10 the layer m is optimal when running a cascade network with a number n
of layers.

Globally, we observe that the sub-models with one or two layers often lead to the best performance
(see Figure 5| for the Adult dataset and Appendix for the other ones). When the dataset is small
(Letter or Yeast), the sub-model with only one layer (i.e. a standard RF) is almost always optimal
since a single RF with no maximum depth constraint already overfits on most of these datasets.
Therefore the second layer, building upon the predictions of the first layer, entails overfitting as well,
therefore leading to no improvement of the overall model. Besides, one can explain the predominance
of small sub-models by the weak representability power created by each layer: on the one hand, each
new feature vector size corresponds to the number of classes times the number of forests which can
be small with respect to the number of input features; on the other hand, the different forests within
one layer are likely to produce similar probability outputs, especially if the number of trees within



each forest is large. The story is a little bit different for the Housing dataset, for which the best
submodel is between 2 and 6. As noticed before, this may be the result of the frustratingly simple
representation of the new features created at each layer. Eventually, these numerical experiments
corroborate the relevance of shallow DF as the light configuration proposed in the previous section.

We note that adding forests in each layer decreases the number of layers needed to achieve a
pre-specified performance. This is surprising and is opposed to the common belief that in deep neural
networks, adding layers is usually better than adding neurons in each layer.

3.3 A precise understanding of tree depth in DF

In order to finely grasp the influence of tree depth in DF, we study a simplified version: a shallow
CART tree network, composed of two layers, with one CART per layer.

Setting. In such an architecture, the first-layer tree is fitted on the training data. For each sample,
the first-layer tree outputs a probability distribution (or a value in a regression setting), which is
referred to as “encoded data” and given as input to the second-layer tree, with the raw features as
well. For instance, if we consider binary classification data with classes 0 and 1, with raw features
(21, x2,x3), the input of the second-layer tree is a 5-dimensional feature vector (x1,z2, 3, po, 1),
with pg and p; the predicted probabilities by the first-layer tree for the classes 0 and 1 respectively.

For each dataset of Table [T} we first determine the optimal depth k* of a single CART tree via
3-fold cross validation. Then, for a given first-layer tree with a fixed depth, we fit a second-layer tree,
allowing its depth to vary. We then compare the resulting shallow tree networks in three different
cases: when the (fixed) depth of the first tree is (i) less than k*, (ii) equal to k*, and (iii) larger than
k*. We add the optimal single tree performance to the comparison.
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Figure 6: Adult dataset. Accuracy of a two-layer tree architecture w.r.t. the second-layer tree depth,
when the first-layer (encoding) tree is of depth 2 (top), 9 (middle), and 15 (bottom). rtree is a
single tree of respective depth 2 (top), 9 (middle), and 15 (bottom), applied on raw data. For this
dataset, the optimal depth of a single tree is 9 and the tree with the optimal depth is depicted as
rtree_9 in each plot. The green dashed line indicates the median score of the rtree. All boxplots
are obtained by 10 different runs.

Results. Results are displayed in Figure |§| for the Adult dataset only (see Appendix for the
results on the other datasets). Specifically noticeable in Figure |§| (top), the tree network architecture
can introduce performance instability when the second-layer tree grows (e.g. when the second-layer
tree is successively of depth 7, 8 and 9).



Furthermore, when the encoding tree is not deep enough (top), the second-layer tree improves
the accuracy until it approximately reaches the optimal depth k£*. In this case, the second-layer
tree compensates for the poor encoding, but cannot improve over a single tree with optimal depth
k*. Conversely, when the encoding tree is more developed than an optimal single tree (bottom) -
overfitting regime, the second-layer tree may not lead to any improvement, or worse, may degrade
the performance of the first-layer tree.
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32560
[24719, 7841]
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25106 7454
_{ 122593, 2513] [2126, 5328]

Figure 7: Adult dataset. Focus on the first levels of the second-layer tree structure when the first
layer tree is of depth 9 (optimal depth). Raw features range from X[0] to X[13], X[14] and X[15] are
the features built by the first-layer tree.

On all datasets, the second-layer tree is observed to always make its first cut over the new features
(see Figure m and the ones in the Appendix to visualize the constructed tree network structure).
In the case of binary classification, a single cut of the second-layer tree along a new feature yields to
gather all the leaves of the first tree, predicted respectively as 0 and 1, into two big leaves, therefore
reducing the predictor variance (cf. Figure [f] (middle and bottom)). Furthermore, when considering
multi-label classification with 7i¢1asses, the second-layer tree must cut over at least ncjasses features to
recover the partition of the first tree (see Figure . Similarly, in the regression case, the second
tree needs to perform a number of splits equal to the number of leaves of the first tree in order to
recover the partition of the latter.

In Figure |§| (middle), one observes that with a first-layer tree of optimal depth, the second-layer
tree may outperform an optimal single tree, by improving both the average accuracy and its variance.
We aim at theoretically quantifying this performance gain in the next section.

4 Theoretical study of a shallow tree network

In this section, we focus on the theoretical analysis of a simplified tree network in a binary classification
setting.

4.1 Problem setting

Chessboard data generation. Let k* be an even integer and p € (1/2,1]. The data set D,
is assumed to be composed of i.i.d. pairs (X1,Y7),...,(X,,Y,), with the same distribution as the
generic pair (X,Y). The variable X is assumed to be uniformly distributed over [0, 1]? and, for all

i,5 €{1,...,28"/2} for all x € [k, 55072) X [7s» 57872)»

B L P if i + j is even
P[Y_1|X—IE]—{ 1—p ifi+jisodd.

This distribution corresponds to a chessboard structure: for each cell, which is of size 27¥"/2 x 2=K"/2,
either the true proportion of 1 is p > 1/2 or the true proportion of 0 is p > 1/2, depending on the
parity of i + j (which pinpoints the cell location). Note that the distribution is parameterized by
k* and p, and that 25" corresponds to the total number of cells. Such a distribution is depicted in
Figure [8] This type of dataset has already been studied within RF frameworks in [B] and despite its
simplicity, highlights some interesting properties of tree-based methods.

Notations. Given a decision tree, we will denote by C,,(X) the cell of the tree containing X and
N, (Cp (X)) the number of data points falling into C,,(X). The prediction of such a tree at point X



First tree with depth 4 First tree with depth 6 First tree with depth 8

(a) Depth 4 (b) Depth 6 (c) Depth 8

Figure 8: Chessboard data distribution in black and white as described above for k* = 6. Partition
of the (first) encoding tree of depth 4, 6, 8 (from left to right) is displayed in blue. The optimal
depth of a single centered tree for this chessboard distribution is 6.

is given by

R 1
- mem, =

XieCn(X)

with the convention 0/0 = 0, i.e. the prediction for X in a leaf with no observations is set to zero.

A shallow centered tree network. We want to theoretically analyze the benefits of using two
trees in cascade and determine, in particular, the influence of the first (encoding) tree on the
performance of the whole shallow tree network. To show the variance reduction property of the
second tree already emphasized in the previous section, we need to go beyond the classical 0 — 1
loss and consider instead this problem as a probability estimation one (regression setting). To this
aim, we let r(x) = E[Y|X = z| be the regression function and we consider, for any function f, its
quadratic risk defined as

where the expectation is taken over (X,Y,D,,).

Definition 1 (Shallow centered tree network). The shallow tree network consists in two trees in
cascade:

e (Encoding layer) The first-layer tree is a cycling centered tree of depth k. It is built
independently of the data by splitting recursively on the first and second variables, at the center
of the cells. The tree construction is stopped when all cells have been cut exactly k times. For
each point X, we extract the empirical mean YCN(X) of the outputs Y; falling into the leaf C,,(X)
and we pass the new feature Yo, (x) to the next layer, together with the original features X.

e (Output layer) The second-layer tree is a centered tree of depth k' for which a cut can be
performed at the center of a cell along a raw feature (as done by the encoding tree) or along
the new feature YCH(X). In this latter case, two cells corresponding to {YCH(X) < 1/2} and
{Ye, (x) = 1/2} are created.

The resulting predictor composed of the two trees in cascade, of respective depth k and k', trained on
the data (X1,Y1),...,(Xn,Y,) is denoted by i 1/ n.

The two cascading trees can be seen as two layers of trees, hence the name of the shallow tree
network. Note in particular that 70, (X) is the prediction given by the first encoding tree only and
outputs, as a classical tree, the mean of the Y; falling into a leaf containing X. When considering
two trees in cascade, the predictor 7y x/ »,(X) may output the mean of the Y; with the X; falling into
a union of the first-tree leaves containing X.



4.2 Theoretical results

We first study the risk of the shallow tree network in the infinite sample regime. The results are
presented in Lemma

Lemma 1. Assume that the data follows the chessboard distribution described above. In the infinite
sample regime, the following holds for the shallow tree network 7y s, (Definition .'

(i) For any k < k* (shallow encoding tree), the risk of the shallow tree network is minimal for a
second-layer tree of depth k' > k* whose k* first cuts are performed along raw features only.

(ii) For any k > k* (deep encoding tree), the risk of the shallow tree network is minimal for a
second-layer tree of depth k' > 1 whose first (and only) cut is performed along the new feature

The proof of Lemma [I]is given in Appendix In the infinite sample regime, Lemma [1] shows
that the pre-processing is useless when the encoding tree is shallow (k < k*): the second tree cannot
leverage on the partition of the first one and needs to build a finer partition from zero.

Lemma [1| also provides an interesting perspective on the second-layer tree which either acts as a
copy of the first-layer tree or can simply be of depth one. We believe that in this latter case, the
shallow network may benefit from the variance reduction of the second-layer tree, which gathers
similar cells and averages their prediction to build the output. Indeed, this has been empirically
observed when dealing with two layers of CART trees.

Main results. With this in mind, we move towards the finite sample regime to study the variance
reduction phenomenon, and motivated by Lemma (1, we consider a second-layer tree of depth one,
whose first cut is performed along the new feature ch( x) at 1/2.

To study the interest of using a shallow tree network instead of a single tree, we first establish
upper and lower bounds for a single centered tree of depth k < k* and k > k* respectively.

Proposition 2 (Risk of a single tree). Assume that the data is drawn according to the chessboard
distribution with parameters k* and p > 1/2. Consider the predictor 7y, corresponding to a single
centered tree of depth k € N*. Then,

1. ifk <k~
(i) an upper-bound on the excess risk reads as

1\? ok
R(fk,O,n) S <p - 2) + m

(1—27%)"
4 3

(i) a lower-bound on the excess risk reads as

1\° 2k
R(fk,o,n) > (p - 2) + m

1_2—kn k
+( ) (1— 2 >;
4 n+1

2. ifk > k*,

(i) an upper-bound on the excess risk reads as

R(fr0m) < Zkffliglp)
__9—k\n
+(p*+(1-p)?) %;



(i) a lower-bound on the excess risk reads as

28=1p(1 — p)
P >2 - b
R(Pk0n) 2 e
2Fp(1—p) \ (1 —27F)"
24+ (1—p)?— }
+ <p +( p) n+1 2

The proof of Proposition [2]is given in Appendix First, note that our bounds are tight in both
cases (k < k* and k > k*) since the rate of the upper bounds match that of the lower ones. The first
statement in Proposition [2 quantifies the bias of a shallow tree of depth k < k*: the term (p — 1/2)?
appears in both the lower and upper bounds, which means that no matter how large the training set
is, the risk of the tree does not tend to zero. The second statement in Proposition [2] proves that the
risk of a tree deep enough (k > k*) tends to zero with n. In this case, the bias is null and the risk
is governed by the variance term which is O(2¥ /n)-term (note that n/2* is the average number of
points in each cell). In all bounds, the term (1 — 27%)" corresponding to the probability of X falling
into an empty cell is classic and cannot be eliminated for centered trees, whose splitting strategy is
independent of the dataset.

However, we are not interested in the performance of the single tree but in the improvements
that the shallow tree network can bring to an individual tree. Note that stacking two layers of trees
together still leads to a partition-type estimator with axis-aligned splits. However, it allows to build
more complex partitions since it may gather cells of the first tree that are disconnected. This may
lead to an improvement of the resulting estimator, by reducing the variance in the corresponding cell
collections. Proposition [3| quantifies this phenomenon by establishing upper and lower bounds on the
risk of the shallow tree network for k < k* and k > k*.
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Proposition 3 (Risk of a shallow tree network). Assume that the data is drawn according to the
chessboard distribution with parameters k* and p > 1/2. Consider the predictor i 1., corresponding
to two trees in cascade (see Definition[1]). Then,

1. if k < k*,

(i) an upper-bound on the excess risk reads as

2 k/243(, _ 1
R 1 2 P
R(fp1m) < (p - > + p—3)

2 /T
7. 22k+2
—(1
+ m2(n + 1)( + €k,p)
2 1— 2 n

where ex, = 0(27%/2) uniformly in p.

(i) a lower-bound on the excess risk reads as

1 2
R(ﬁf,l,n) Z ( - 2) )

2. if k> k*,
(i) an upper-bound on the excess risk reads as

(1-p) n 2k+15n7k7p

R(fpin) <2-2

n+1 n
2 N2

{_e—2(p—%)? "
where eppp=n|1— —F5——

(i) a lower-bound on the excess risk reads as

2p(1—p)  2"P3(1 — pyp)"
n n
p2 + (1 — p)2 (1 _ 2—k)"
2

R(fk,l,n) >

+

(k1) log(2)
log(2*)—log(e—2(p—1/2)% _142k) "

where 0 < py, < 1 depends only on p and k and given thatn >

The proof of Proposition [3]is given in Appendix [S5] Note that, in both cases, the rate of the
upper bounds match that of the lower ones, highlighting the tightness of these bounds.

As for the single tree studied in Proposition [3] the shallow tree network suffers from a bias term
(p — 1/2)% as soon as the first-layer tree is not deep enough. In such a shallow tree network, the
flaws of the first-layer tree transfer to the whole network. However, there may exist a benefit from
using this network when the first-layer tree is deep enough. In this case, the risk of the shallow
tree network is O(1/n) whereas that of a single tree is O(2¥/n). In presence of complex and highly
structured data (large k* and similar distribution in different areas of the input space, as for the
chessboard distribution), the shallow tree network benefits from a variance reduction phenomenon by
a factor 2* (as highlighted by Proposition [3| and Proposition .

In Figure EI, we numerically evaluate the risk R(7x,1,,), and its average value exactly lies between
the theoretical upper and lower bounds, that end up being merged.
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Figure 9: Illustration of the theoretical bounds of Proposition |3} when the first-layer tree is of
depth k = 6 (when k* = 4) and p = 0.8. We draw a sample of size n (x-axis), and a shallow tree
network 7y 1, is fitted for which the theoretical risk is evaluated. Each boxplot is built out of 20 000
repetitions. The outliers are not shown for the sake of presentation.

5 Conclusion

In this paper, we study both numerically and theoretically DF and its elementary components.
We show that stacking layers of trees (and forests) may improve the predictive performance of
the algorithm. However, most of the improvements rely on the first DF-layers. We show that the
performance of a shallow tree network (composed of single CART) depends on the depth of the
first-layer tree. When the first-layer tree is deep enough, the second-layer tree may build upon the
new features created by the first tree by acting as a variance reducer.

To quantify this phenomenon, we propose a first theoretical analysis of a shallow tree network
(composed of centered trees) closely related to DF procedure. Our study exhibits the crucial role of
the first (encoding) layer: if the first-layer tree is biased, then the entire shallow network inherits
this bias, otherwise the second-layer tree acts as a good variance reducer. One should note that this
variance reduction cannot be obtained by averaging many trees, as in RF structure: the variance
of an averaging of centered trees with depth k is of the same order as one of these individual trees
[4, [12], whereas two trees in cascade (the first one of depth k and the second of depth 1) may lead
to a variance reduction by a 2F factor. This highlights the benefit of tree-layer architectures over
standard ensemble methods. We thus believe that this first theoretical study of this shallow tree
network paves the way of the mathematical understanding of DF.

First-layer tree, and more generally the first layers in DF architecture, can be seen as a data-driven
encoder. Since preprocessing is nowadays an important part of all machine learning pipelines, we
believe that our analysis is interesting beyond the framework of DF.
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S1 Additional figures
S1.1 Additional figures to Section

Dataset Best configuration hyperparam. Mean optimal sub-model (10 tries)
Adult 6 forests, 20 trees, max depth 30 1.0
Higgs 10 forests, 800 trees, max depth 30 5.1
Letter | 8 forests, 500 trees, max depth None (default) 1.0
Yeast 6 forests, 280 trees, max depth 30 2.1
Airbnb 4 forests, 150 trees, max depth 30 2.0
Housing 10 forests, 280 trees, max depth 10 11.2

Table S2: Details of the best configurations obtained in Figures [2| and
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S1.2 Additional figures to Section
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Figure S10: Adult dataset. Accuracy of a two-layer tree architecture w.r.t. the second-layer tree
(middle), and 15 (bottom). rtree is
a single tree of respective depth 2 (top), 9 (middle), and 15 (bottom), applied on raw data. For this
dataset, the optimal depth of a single tree is 9 and the tree with the optimal depth is depicted as
rtree_9 in each plot. The green dashed line indicates the median score of the rtree. All boxplots

depth, when the first-layer (encoding) tree is of depth 2 (top), 9

are obtained by 10 different runs.
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Figure S11: Adult dataset. Second-layer tree structure of depth 4 when the first-layer tree is of depth
9 (optimal depth). Raw features range from X[0] to X[13], X[14] and X[15] are the features built by

the first-layer tree.

15



0.68

0.66

0.64

11

12

13

14

0.68

0.66

0.64

11

12

13

14

0.68

0.66

0.64

11

12

13

14

2
&2
& &
< o
&
& %
& &
-
e
& 2

Figure S12: Higgs dataset. Accuracy of a two-layer tree architecture w.r.t. the second-layer tree
depth, when the first-layer (encoding) tree is of depth 2 (top), 9 (middle), and 15 (bottom). rtree is
a single tree of respective depth 2 (top), 9 (middle), and 15 (bottom), applied on raw data. For this
dataset, the optimal depth of a single tree is 9 and the tree with the optimal depth is depicted as
rtree_9 in each plot. The green dashed line indicates the median score of the rtree. All boxplots

are obtained by 10 different runs.

Figure S13: Higgs dataset. Second-layer tree structure of depth 5 when the first-layer tree is of depth
2 (low depth). Raw features range from X[0] to X[13], X[14] and X[15] are the features built by the

first-layer tree.

Figure S14: Higgs dataset. Second-layer tree structure of depth 4 when the first-layer tree is of depth
9 (optimal depth). Raw features range from X[0] to X[27], X[28] and X[29] are the features built by

the first-layer tree.
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Figure S15: Letter dataset. Accuracy of a two-layer tree architecture w.r.t. the second-layer tree
depth, when the first-layer (encoding) tree is of depth 10 (top), 18 (middle), and 26 (bottom). rtree
is a single tree of respective depth 10 (top), 18 (middle), and 26 (bottom), applied on raw data.
For this dataset, the optimal depth of a single tree is 18 and the tree with the optimal depth is
depicted as rtree_18 in each plot. The green dashed line indicates the median score of the rtree.
All boxplots are obtained by 10 different runs.

Figure S16: Letter dataset. Second-layer tree structure of depth 30 when the first-layer tree is of
depth 18 (optimal depth). We only show the first part of the tree up to depth 10. Raw features
range from X[0] to X[15]. The features built by the first-layer tree range from X[16] to X[41].
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Figure S17: Yeast dataset. Accuracy of a two-layer tree architecture w.r.t. the second-layer tree
depth, when the first-layer (encoding) tree is of depth 1 (top), 3 (middle), and 8 (bottom). rtree is
a single tree of respective depth 1 (top), 3 (middle), and 8 (bottom), applied on raw data. For this
dataset, the optimal depth of a single tree is 3 and the tree with the optimal depth is depicted as
rtree_3 in each plot. The green dashed line indicates the median score of the rtree. All boxplots
are obtained by 10 different runs.

Figure S18: Yeast dataset. Second-layer tree structure of depth 4 when the first-layer tree is of depth
3 (optimal depth). Raw features range from X[0] to X[7]. The features built by the first-layer tree
range from X[8] to X[17].
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Figure S19: Airbnb dataset. R? score of a two-layer tree architecture w.r.t. the second-layer tree
depth, when the first-layer (encoding) tree is of depth 10 (top), 27 (middle), and 32 (bottom). rtree
is a single tree of respective depth 10 (top), 27 (middle), and 32 (bottom), applied on raw data.
For this dataset, the optimal depth of a single tree is 27 and the tree with the optimal depth is
depicted as rtree_27 in each plot. The green dashed line indicates the median score of the rtree.
All boxplots are obtained by 10 different runs.

Figure S20: Airbnb dataset. Second-layer tree structure of depth 28 when the first-layer tree is of
depth 26 (optimal depth). We only show the first part of the tree up to depth 5. Raw features range
from X[0] to X[12], X[13] is the feature built by the first-layer tree.
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Figure S21: Housing dataset. R? score of a two-layer tree architecture w.r.t. the second-layer tree
depth, when the first-layer (encoding) tree is of depth 3 (top), 7 (middle), and 12 (bottom). rtree is
a single tree of respective depth 3 (top), 7 (middle), and 12 (bottom), applied on raw data. For this
dataset, the optimal depth of a single tree is 9 and the tree with the optimal depth is depicted as
rtree_7 in each plot. The green dashed line indicates the median score of the rtree. All boxplots

are obtained by 10 different runs.

Figure S22: Housing dataset. Second-layer tree structure of depth 10 when the first-layer tree is of
depth 7 (optimal depth). We only show the first part of the tree up to depth 5. Raw features range
from X]0] to X[60], X[61] is the feature built by the first-layer tree.

S1.3 Additional figures to Section
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Figure S23: Adult dataset. Boxplots over 10 tries of the accuracy of a DF with 1 forest by layer
(left) or 4 forests by layer (right), with respect to the DF maximal number of layers.
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Figure S24: Adult dataset. Heatmap counting the index of the sub-optimal model over 10 tries of a
default DF with 1 (Breiman) forest per layer (left) or 4 forests (2 Breiman, 2 CRF) per layer (right),
with respect to the maximal number of layers.
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Figure S25: Higgs dataset. Boxplots over 10 tries of the accuracy of a DF with 1 forest by layer (left)
or 4 forests by layer (right), with respect to the DF maximal number of layers.
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Figure S26: Higgs dataset. Heatmap counting the index of the sub-optimal model over 10 tries of a
default DF with 1 (Breiman) forest per layer (left) or 4 forests (2 Breiman, 2 CRF) per layer (right),
with respect to the maximal number of layers.
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Figure S27: Letter dataset. Boxplots over 10 tries of the accuracy of a DF with 1 forest by layer
(left) or 4 forests by layer (right), with respect to the DF maximal number of layers.
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Figure S28: Letter dataset. Heatmap counting the index of the sub-optimal model over 10 tries of a
default DF with 1 (Breiman) forest per layer (left) or 4 forests (2 Breiman, 2 CRF) per layer (right),
with respect to the maximal number of layers.
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Figure S29: Yeast dataset. Boxplots over 10 tries of the accuracy of a DF with 1 forest by layer (left)
or 4 forests by layer (right), with respect to the DF maximal number of layers.
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Figure S30: Yeast dataset. Heatmap counting the index of the sub-optimal model over 10 tries of a
default DF with 1 (Breiman) forest per layer (left) or 4 forests (2 Breiman, 2 CRF) per layer (right),
with respect to the maximal number of layers.
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Figure S31: Airbnb dataset. Boxplots over 10 tries of the accuracy of a DF with 1 forest by layer
(left) or 4 forests by layer (right), with respect to the DF maximal number of layers.
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Figure S32: Airbnb datase. Heatmap counting the index of the sub-optimal model over 10 tries of a
default DF with 1 (Breiman) forest per layer (left) or 4 forests (2 Breiman, 2 CRF) per layer (right),
with respect to the maximal number of layers.
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Figure S33: Housing dataset. Boxplots over 10 tries of the accuracy of a DF with 1 forest by layer
(left) or 4 forests by layer (right), with respect to the DF maximal number of layers.
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Figure S34: Housing dataset. Heatmap counting the index of the sub-optimal model over 10 tries
of a default DF with 1 (Breiman) forest per layer (left) or 4 forests (2 Breiman, 2 CRF) per layer
(right), with respect to the maximal number of layers.
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S1.4 Additional figures to Section
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Figure S35: Illustration of the theoretical bounds of Proposition [2, when the first-layer tree is of
depth k = 2 (when k* = 4) and p = 0.8. We draw a sample of size n (x-axis), and a shallow tree
network 7y 1, is fitted for which the theoretical risk is evaluated. Each boxplot is built out of 20 000
repetitions. The outliers are not shown for the sake of presentation.
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Figure S36: Illustration of the theoretical bounds of Proposition [2, when the first-layer tree is of
depth k = 4 (when k* = 4) and p = 0.8. We draw a sample of size n (x-axis), and a shallow tree
network 7y 1, is fitted for which the theoretical risk is evaluated. Each boxplot is built out of 20 000
repetitions. The outliers are not shown for the sake of presentation.
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Figure S37: Illustration of the theoretical bounds of Proposition 2} when the first-layer tree is of
depth k = 6 (when k* = 4) and p = 0.8. We draw a sample of size n (x-axis), and a shallow tree
network 7y 1 ,, is fitted for which the theoretical risk is evaluated. Each boxplot is built out of 20 000
repetitions. The outliers are not shown for the sake of presentation.
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Figure S38: Illustration of the theoretical bounds of Proposition |3 when the first-layer tree is of
depth k = 2 (when k* = 4) and p = 0.8. We draw a sample of size n (x-axis), and a shallow tree
network 7y 1, is fitted for which the theoretical risk is evaluated. Each boxplot is built out of 20 000
repetitions. The outliers are not shown for the sake of presentation. Note that in such a case, the
theoretical lower bound is constant and equal to the bias term.
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Figure S39: Illustration of the theoretical bounds of Proposition |3} when the first-layer tree is of
depth k = 4 (when k* = 4) and p = 0.8. We draw a sample of size n (x-axis), and a shallow tree
network 7y 1, is fitted for which the theoretical risk is evaluated. Each boxplot is built out of 20 000
repetitions. The outliers are not shown for the sake of presentation. Note that the lower bound and
the upper bound are merged.
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Figure S40: Illustration of the theoretical bounds of Proposition [3] when the first-layer tree is of
depth k = 6 (when k* = 4) and p = 0.8. We draw a sample of size n (x-axis), and a shallow tree
network 7y 1 ,, is fitted for which the theoretical risk is evaluated. Each boxplot is built out of 20 000
repetitions. The outliers are not shown for the sake of presentation.
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S2 Technical results on binomial random variables

Lemma S4. Let Z be a binomial B(n,p), p € (0,1],n > 0. Then,

(i)
T <=

(it)

E{liZ} < (n+11)p
(iii)
: {1+122} = (n+1)(?:z+2)p2
(iv) o
%< &
(v) Let k be an integer < n.
E[Z|Z >k =np+(1-pk f(zzk)
;P(Z =1)

(vi) Let Z be a binomial B(n, ), n > 0. Then,

E{Z|Z§Ln—2~_1j—1}zg_<‘/ﬁ+m>

(vii) Let Z be a binomial B(n, 1), n > 0. Then,

n+1 n
E|\Z|Z> < —4+14 —
{ 1Z=21 2 J]_Q m(n+1)

Proof. The reader may refer to [4, Lemma 11] to see the proof of (ii), (iii) and the right-hand side of
(i). The left-hand side inequality of (i) can be found in [7, Section 1.].
(iv) The first two inequalities rely on simple analysis :

[ 2=l

el

To go on, we adapt a transformation from [7, Section 2.] to our setting:

7]~ | el
SN

ST ), et

9 /—log(l—P) (e
= g\r)e ) T,
I'(1/2) Jo
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o\ —1/2
with g(r) :=p~te " (— log(1 + 1%)) after the change of variable (1 —p+ pe™!) =e™".

Let’s prove that
1

g(r) < ——. 1
(r) N (1)
It holds that log(1 + z) < 2%0 when —1 < z < 0, therefore
-1
o 1—e™" o o 2pt+e " —1
2 2 2r 2 2r
g(r)”=p~~e <10g(1+ )) <p ‘e 0=y
Furthermore,
2p > 2p (e"‘ + re_Q’")
Z 2p (efr + 7”6727“) e (673r o 672r)
=re " (2p—1+e") +2pe ",
and then dividing by rp?,
2 - 1 - 1 o 2pte—1
21 = > 2r 2m—1 r — - 2 —2r
Tp( € )—p2€ (p te ) ’I“p_ € 2(1_6—7-) ’
which proves (|1)).
Equation (/1) leads to
) 9 —log(1-p) 1
E < / ——e "dr. 2
) <o N @
Note that I'(1/2) = y/m. After the change of variable u = \/rn, we obtain :
c |: ) :| - 4 \/—nlog(1—p) _uzd < 4 /oo _uzd - 9
e u e u< ——
VI+Z] ™ /npT Jo /NPT Jy VAU
which ends the proof of (iv).
(v).(a) We recall that p = 1/2. An explicit computation of the expectation yields :
(%3 )-1
n+1 1 1 (n
e|212< 10| = 57z ()
2 P (Z < ;r | 1) ; 2n \ 4
2 n (2" 1<n—1>>l
=7 ool5 75| a1 n%2=1
120 (2 2\ 25
n o2 n n{n 1
. n%2=0
: (530 ) 75
1 1p(Z=n/2) ; i) 2\n/2 2
1 1 /n—1 n-1,09-0 1 1/ n
L Loy g Mranm2=0 (1 1 .
"(2 on ( n-1 >) 2=l T TR (7 = 2y \2 20 \ny2
We use that for all m € 2N*,
27)’1»
(m)e > .
m/2 m(m/2 + 1/4)
and
1 2
Z 1 + i
1-P(Z=m/2) Vn

where the last inequality can be obtained via a series expansion at n = oo. Replacing the terms by

their bounds, we have :
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n+1 V2 2
et (o )

(1 2/
- 2 /nm 7r\/n (2n +1)

;uf(;fzfm)

which ends the proof of this item (v)(a).
(v).(b) We also begin with an explicit computation of the expectation :

elz12> "] - ssmy X 5 ()

2 s

21 1/n-1 n 2 n
- 2”—2 2n—1 = 1n . .
12n( - +2()> et Tz | 2 ()

i= 25

n 1 /n—1 n-1,09-0 1 1/ n
=|l-+1+—= loogoey + ———22=2 __(— 4 — .
<2+ +2<>> et TRz = \2 T 2 2

The computation of the upper bound relies on the following inequalities : Vm € 2N*,

(ff:) < Vﬁ (1)

1 2 2
- @ @ O O S 1— L +4+ —
1+P(Z=n/2) VT o
where the last bound can be found via a series expansion at n = co. Replacing all terms by their
bound and simplifying roughly gives the result. O

as well as

Lemma S5 (Uniform Bernoulli labels: risk of a single tree). Let K be a compact in R%, d € N.
Let X, Xq,..., Xn,mn € N* be i.i.d random variables uniformly distributed over K, Y,Y1,..., Y, i.i.d
Bernoulli variables of parameter p € [0, 1] which can be considered as the labels of X, X1, ..., Xpn. We
denote by rok.n, k € N* a single tree of depth k. Then we have, for all k € N*,

(1)

E [(ro0.(X) — r(x))?] = L2 )
(i)

2 PP (p2 - Qn) (1= 27" < E[(roen(X) —r(x))?) <2 PEZP) g gty
(6)

Proof. (i) In the case k = 0, 79,5, simply computes the mean of all the (Y;)’s over K:

. 2

€ [(ro.(X) — r(X))7] = E <n v p> )
=E [ 5 Z Y, —p) ] (Y; independent) (8)

n

29
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E [(ro,k,n(X) - T(X))Q] =E m Z Y,—»p 1Nn(Cn(X))>0 +p2P (Nn(cn(X)) _
X;€Cn(X)
_ (10)
Y E AR ol )

Noticing that N,,(C,(X)) is a binomial B(n, 5% ), we obtain the upper bound using Lemma [S4] (i)

1N, (Cn(x))>0 2k
[ NuCulx)) | =% (13)

the lower bound is immediately obtained by applying Lemma (i):

vaacozo] S 28 gk
E[Nn<cn<x>>]>n(1 (1—27%)") (14)

S3 Proof of Lemma [1]

First, note that since we are in an infinite sample regime, the risk of our estimators is equal to their
bias term. We can thus work with the true distribution instead of a finite data set.

(i) When k < k*, the first tree is biased, since the optimal depth is k*. The second tree has access
to the raw features or to the new feature created by the first tree. Since, for all leaves C' of the
first tree, P[Y = 1|X € C] = 0.5, the new feature created by the first tree is non-informative
(since it is constant, equal to 0.5). Therefore, the second-layer may use only raw feature and is
consequently optimal if and only if & > k*.

(ii) When k > k*, the first tree is unbiased since each of its leaves is included in only one chessboard
data cell. Splitting on the new feature in the second-layer tree induces a separation between

cells for which P[Y = 1|X € C] = p and cells for which P[Y = 1|X € C] =1 — p since p # 1/2.

Taking the expectation of Y on this two regions leads to a shallow tree network of risk zero.

S4 Proof of Proposition

1. Assume that & < k*. Recall that if a cell is empty, the tree prediction in this cell is set
(arbitrarily) to zero. Thus,

E [(re.0.0(X) = 7(X))?]

= E [(rk,0n(X) = 7(X))*1n, (¢, (x))>0] + E [(1(X))*1n, (¢, (x))=0) » (15)
2
1 2
=Bl v .00 > Yi—r(X) ] 1n.c.xnso| TE[(r(X))*1n, . (x))=0) » (16)
nA=n X;eCn(X)
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where

E [(r(X))*1n, (0. (x))=0] = E [(r(X))*Ln, (¢, (x)=0lxes] + E [(r(X))*1n, . (x)=0lxew]

(17)
p>  (1—p)?
- (2 . 2) P (N, (Ca(X)) = 0) (18)
_ e -y (19)

2
We now study the first term in (16]), by considering that X falls into B (the same computation

holds when X falls into W). Letting (X’,Y’) a generic random variable with the same
distribution as (X,Y’), one has

2

1
El| v >, Yi-r| 1y lxen 20)
Nn(cn(X)) X, €Cnr(X) N (Cn D=0 © (
B 2
1 1
= El| v Y M-EYIX €CuX)) | 1w, 21)
o |\ Wc.oy 2= R | om0 (

+E {(E Y'|X" € Cu(X)] - p)° 1X681Nn(Cn(X))>O}

2
_ e [ vaca)>0 R
= 3F Nn(C’n(X))zE (Xig;(x)(ﬁ E[Y'|X eCn(X)])) | No(Cr(X))

2
+3(r-3) POLC.O0) >0), (22)

where we used the fact that E[Y'| X’ € C,,(X)] = 1/2 as in any leaf there is the same number
of black and white cells. Moreover, conditional to N, (Cn (X)), 2y, cc, (x) Yi 18 a binomial

random variable with parameters B(N,,(C,, (X)), 3). Hence we obtain :

2

E Y. (Vi—ENIX € CaO))) | INa(CalX)) (23)
X;€Ch(X)

1N, (C.(x))>0

5| N.(C(X))?

1
B 1E { Nn(Cn(X))>O] ' (24)

4 [ Na(Cu(X)

The same computation holds when X falls into W. Indeed, the left-hand side term in is
unchanged, as for the right-hand side term, note that (3 — p)? = (3 — (1 — p))?. Consequently,

1
-3 [W} i (p‘ D (1= (=275, (26)
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Injecting into , we have

E [(re,0.(X) = r(X))?] @7)
:%E 1((C(Z()))>)O +(p ;) (1—27%)" )+(p2+(1—p)2)% (28)
1 [Inacax))>o 1 1\ (1-2F)n
4E_Nn(Cn<X>)_+(p >+<p+(1)2( 2)>2 (29)
_ 1o [vacnp>o] 1\> (1-27F)"

RS AR N (p 2> VR (30)

Noticing that N,,(C,, (X)) is a binomial random variable $B(n, 3¢ ), we obtain the upper and
lower bounds with Lemma [S4| (i):

Iy, (Cn(x))>0 2k +1
E DA < 1
[ Na(Co(X)) | St 1 (31)
and,
In, (. (x))>0 vy 2"
TValCn( X)) >0 - (1 (1 — g )
E[M(@(X)) 2 (1= 0=27") 77 (32)

Gathering all the terms gives the result,

? k _ 9—k\n
E [(rk,00(X) —r(X))?] < ( - ;) + 2(n2+ 1) * : z )

and
2 k __ 9—k\n k
E[<rk»o7n<X>r<X>>2J2<p§> +4<n2+1>+“ - (1n2+1>.

2. As in the proof of 1., we distinguish the case where the cell containing X might be empty, in
such a case the tree will predict 0:

E [(rr.0.n(X) —7(X))?)]
=E [(rr,0n(X) = 7(X))*1n, (c(x))>0] + E [(r(X))* 1w, (c(x))=0) (33)

2 2 g (1—27F)n
=E [(rr0n(X) = 7(X))*1n, o (x)>0) + @° + (1 —p)?)—F——.

5 (34)

We denote by L, ..., Lok the leaves of the tree. Let b € {1,...,2*} such that L; belongs to B.
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We have

E [(rk0n(X) = p)*)1xesln, c, (x))>0]

In,(z;)>0
- E E | [ ZNn(Li)>0 § ' Y. _ 1 ,
L;CB N (Lj) XiELJ-( Y ek (%)
ok 1 ’
N-,,,(Lb)>0
=SB || R0 §7 (- P(Xel 36
1 [/1 ?
N7L(Lb)>0
=-E —r E Y,—»p 37
2 ( Nn(Ly) XieLb( )> ] 0
1 1 ?
Nn(Lb)>0
=-E|—>>=E E Y,—»p N, (Lyp 38
1_[1
=—E M”)ZOE E (Y; — p)?| Ny (L) (by independence of the Y;) (39)
2 I Ny (Lp) e,
1_[1n,(zy)>0
= -E|————p(1 - . 4
28 | TNy p(1—p) (40)

Remark that the above computation holds when X € W after replacing p by (1 —p), B by W
and L, by L,: indeed when Y is a Bernoulli random variable, Y and 1 — Y have the same
variance. Hence, using Equation , the computation in and its equivalence for W, we
obtain

E [(re.0.0(X) = r(X))*)]

1_T[1n,(Ly)>0 1_[1n,(L.)>0 2 9
— Zg | ZNalL6)>0 g ZE | ZNnlLw)>0 1—
5 [ No(Ly) p(L=p)| +3 No(Ly) p(L—p)| + (@ + (1 —p))

(1—27F)"
2
(1—27h)"

=p(1—-p)E [W} + "+ (=P,

Ny (L)

since Ny, (Ly) and N, (L,,) are both binomial random variables B(n, 5 ). Therefore, as in the
proof of 1., we can conclude using Lemma [S4] (i) :

k _ __9—k\n
E [k (X) ()] < TPy gy o) E220
and
E( . 2 2" 1p(1 - p) 2 N2 2"p(1—p)\ (1 277"
rron(X) = r(X))] 2 ===+ (P + (1 -p) | SRR

S5 Proof of Proposition

Let k € N. Denote by L = {Li ,i = 1,...,2%} the set of all leaves of the encoding tree (of depth
k). We let Ly, be the set of all cells of the encoding tree containing at least one observation, and
such that the empirical probability of Y being equal to one in the cell is larger than 1/2, i.e.

Bk = ULELBk{x,JZ eL}

1
Ls ={L€ Ly, N,(L) >0, Y; >
B Nn(L) X%:L

}.

DN | =
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Accordingly, we let the part of the input space corresponding to Lz as
Bk = ULGQB-k{£E7£C € L}

Similarly,

1 1
,ka :{_[/G,C,]w]\/vn([/)>07 Z Y;<§}

and

Wi = Urecy, {z.o € L}

S5.1 Proof of 1. (i) (lower-bound for the case k < k*)

Recall that £ < k*. In this case, each leaf of the encoding tree is contains half black square and half
white square (see Figure . Hence, the empirical probability of Y being equal to one in such leaf is
close to 1/2. Recalling that our estimate is ry 1,,, we have

E [(Tk,l,n(X) r(X))?]
E [(rk1n(X) = p)Lxeslyep,) + E [(re1n(X) = p)*1xenly oy, ]
[(rk,l,n(X) (1 )) 1X€WlX€Bk] +E [(rk71,n(X) - (1 - p))leEWj-XgWJ (41)
(

[( Tk,1,n X) p) XEB( 1X€l§k XEWk ] + E [(rk,l,n(X) - (1 *p))QlXEW(l - 1X€l§k B 1X€V_Vk)]

Note that X ¢ Bj, UWj, is equivalent to X belonging to an empty cell. Besides, the prediction is null
by convention in an empty cell. Therefore, the sum of the last two terms in can be written as

2 2 P>+ (1 —p)? 1\"
E [p’1xesln, . x)=0)] +E[(1—p)*1xewln, ¢, (x)=0)] = — 5 %) (42)

To begin with we focus on the first two terms in . We deal with the last two terms at the
very end as similar computations are conducted.

E[(ream(X) —p)*1xenlycs, | + E[(rh1n(X) =) 1xenlieyi, ]

2
1 - - -
—E|E — > Vi-p| |B|P(XeBXeBIB)
Nn(Bk) X,eB
i k
) i
+E|E Z Y, —p ‘Wk P(Xewk,XeBM/k) . (43)
( X ;€W ]
Regarding the left-hand side term in ,
y A
SN )
Nn(ék) = i— P k| =\ P 9 )
€8k

since p > 1/2 and, by definition of By,

Now, regarding right-hand side term in , we let

Zyy, =E | Y Yi| Ny, Now, Wi |
X EWy
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where N, ..., Nor denote the number of data points falling in each leaf Lq,..., Lox of the encoding
tree. Hence,

2 2
1 - 1 i )
|\ ooy 2 7] ] =€ | g || 2 vim )+ (- )

2 3 vi-2zy, (Zm - Nn(m)p) | N1y ooy Now, W ’Wk
XiE\;Vk
(45)
The cross-term is null according to the definition of Zy;, , and since (Zy3,, — N, (W) is (N1, ..., Now, Wy )-
measurable. Therefore,

2 2
E Z Y, —p ‘m —E|———E || 3 Vi—Zy | [N Noe W, )Wk

2
X eWy Nn(Wk) X; €Wy,

1 _ 2 - -
YE|—E (Z~ N, (W ) Ni,...,N. ,W] ’W]
=1I,+ Jn, (46)
where I,, and J,, can be respectively identified as variance and bias terms. Indeed,
2

E S Yi—Zy, | I N1 Now, W
Xiewk

is the variance of a binomial random variable B(N,,(W;), %) conditioned to be lower or equal to
N, (Wy)/2. According to Technical Lemma we have

1 i - 1 1y
I < 4E|— e W, | < ;€ [W”O \Wk] (47)
1 NaOVP (BINGOWR), 1/2) < NaOW) /2) 2L Na(Wi)
Regarding J,,
Zyy, = NaOVe)p=E | > Yi| Ni,ooo, Noo, Wi | = Ny (Wi)p (48)
_quewk
o
—E (> ) Vil i | Niyeos Now, Wi | = Ny (Wi)p (49)
_j:l X;€eL;
2k
=Y {E| D Vil Niyors Now, Wi | =pN; | 1, i, (50)
=1 X;€eL;
2k
since 1 L,CW, is Wk -measurable and N, Wk Z N;. Noticing that
i=1
E| Y Yi[NioyNoe Wi| =E | > Y| Ny Wi, (51)
X;€L; X;€L;
we deduce
2k
2y, — NaWi)p = E| Y YilN,Wi| - Njp 1,0 (52)
j=1 X;€L;
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and

ok
(Zyp, = NaOVi))* = | D Fils o, (53)
=1
with f; = (Njp—E [Sxep, i | Njs Wi ). For all j, such that L; € Wy, E [Sy,ep, Yi | Ny Wi

is a binomial random variable B (N, (Wk) 1) conditioned to be lower or equal to N, (Wg)/2. Using
Lemma, [S4] E ., we obtain :

1 1 2v/2
fi < N; (p—2)+\/ﬁj<ﬁ+7r /7(2n+1)> (54)
<N (p-3) v+ 2 (55)
Therefore,
(Zyy, = Na(Wi)p)? < (Nn(Wk) (p - ;) +> VNl o, + 2’:1) (56)
N
< (Nn(Wk) (p— ;) + 282\ /N, (Wy) + 2]: > : (57)

since, according to Cauchy-Schwarz inequality,

2k
Z VNiL ow, < 2k12 N, (W) /2. (58)
j=1

Overall

1 1 k)2 ooy 2M ? x ~
J, <E 7~)E NaWi) (= 5 ) +22N00W) 12 4 == ) | Ny, ey N, Wi 'Wk

Nn(Wk 2

(59)
2 1y i . 242 Tly i . 1y i .
< ( _ 1) | okE {W'Wk} n 2 e { N (W) >0 ’Wk] 4 ok/2+1 (p_ 1> E [W W

2 Nn(Wk) Q0 Nn(Wk)2 2 Nn(Wk)1/2
(60)
ok+2 1 v i - 2%+2 1y i .
+ ( = ) E {N"(Wf)” ‘Wk] + E[ Nn (We) >0 ‘Wk] . (61)
™ 2 Nn(Wk) ™ Nn(Wk)S/Q

All together, we obtain

2 ~
Lotg, < (p-? ok 1 2h? E Ly, Wk>>o N 22’“+2E 1N, W0 ’Wk
n n — 2 2 N 7T2 Nn(]/N\/k)Q
+

+2k/2+1 p_l E N (Wk)>0 ‘W T+ £ 1 N, (Wy)>0 ‘Wk
2 ()/Vk)l/2 T Nn(Wk)3/2

We apply Lemma i)(iv) to N,,(Wj) which is a binomial B(n,p’) where p’ = P(X € Wi[Wy) :

[1N,,,(Wk)>0 ~

2
N, (W) | } S CESYA

7

E{lN,L(\:kaO ‘Wk:| < 2
Nn(Wk)1/2 - n-p
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We deduce that

2k/2+2(p_%) 9 o 1 9k+2  93k/242 ; 92k+2
T\ E gt + X +3

1
In n< - 2)?
s 2)+ 2 T T T

™ - p (n+1
Finally,
E[(rran(X) —p)*1xenlyes, | +E [(rean(X) —p)*Ixenley, ]

<< _;)ZP(XeBk,X € B) +E[(In+ J)P (X € Wi, X € B )|

Since for all By, there is exactly the same number of black cells and white cells in B, we have

5 _ P (X S Wk‘wk)
P(XeWk,XeB\Wk>: ,
2
yielding

E [(rk,1,n(X) *P)21X631X63,J +E [(re,1,0(X) — P)21X631X6Wk] (62)

1 1N2Z  ok/2+1(y 1 1 1 9k+2  93k/242 92k+2
<slp—5) + (v 2)+ 28+ -+ + +3- (63)

2 2 VT (n+1) 2 ™ /T 2

1 1 2 2k/2+1(p _ l) 3. 22k+2
<Z|(p=-2= 2 1 k 64
—2 < 2) v NZZD Jr(n—|—1)7r2( +eulk) (64)

2 k42 3k/242
_ k1,2 2
where €1(k) = 3550 (2 tot Tt )

The two intermediate terms of can be similarly bounded from above. Indeed,

E[(rkan(X) = (1 =) Lxewlxep,] +E [(rh1n(X) = (1= ) Ixewlyen,] (65)

—E|E (Nn(lzsk) Zmup)) ]Bk P(Xeék,X€W|Bk>

X €EBy

X €Wy,

+E|E (zvn(lm Z }Q(lp)) ’Wk P(XGWk,X€W|Wk) s (66)

where, by definition of W,

The first term in can be treated similarly as above:

1 p 1
E

X;€By

2
( Z }/;Zék) ‘Nla"'aN2kal§k ‘Bk

X, €By
1 - 2 - -
+E [W {(zgk — N,(B)(1 —p)) | Ny, ...,NQk,B,C} ’Bk]
=1, +J, (67)
where

Zg, =E| Y Yi| Ni,.y Nox, By

XiEBk

)
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and the cross-term in @ is null according to the definition of Zp, - Regarding I, note that

2
E (Z Yi—Zék) | N1, ..., Nox, By,

X;€By,

is the variance of a binomial random variable B(N,,(B), %) conditioned to be strictly larger than
N,(By)/2. According to Technical Lemma we have

—_

I, <

Iy, (Bo)>0 . In,(B>0 |5
-E B, E|———=——"|B.]|. 68
1 [N,xék)P(B(Nn(z?k),l/z)>Nn<ék>/2)‘ ] : [ N } o

To obtain the last inequality, notice that

[N

P (BINW(BY), 1/2) > Na(Bi)/2) = 5 3P (BINA(B),1/2) = Nu(By)/2) >

as soon as n > 4.
Regarding J/,, we have

E [Nn(lékyE [(ng — No(Bi)(1 — p))2 | Ny, ) NQk,Bk” (69)
i=1 X,eL;

—E J\@L(lék)?E (Z (E[Z mNJ—,Bk] —Nj(l—p)> 1chl§k) | N1, ..y Now, By | | . (70)

For all j, such that L; C By, E {ZX,-ELJ Y| Nj,lg’k] is a binomial random variable B(N;, 1)
conditioned to be larger than [(N; + 1)/2]. Then, according to Technical Lemma

- N; 1
E Y | NjyBi| < L+ 1+ ————x.
X;Lj 2 m(N; +1)
Hence,
E[Z Y; | Nj,Bi| — N;j(1—p) < N,(p 1)+1+71 (71)
N By —N;(1—p) < Ni(p—=
dte ! 2 n(N; + 1)
1 2
<Nj<p—2>+\/Nj+ﬂ_, (72)
for Nj > 1. Thus,
E 1 E 3 ’ 3
_ 1 2" 1 9 i
<E|———E N:(p—= N.+2)1, Ny, ..., Nox, B 4

2k+1 2 B
- ) | N1, ..., Nox, By,

# 2 _1 k/2 5
<E _Nn(Bk)QE [(Nn(Bk) (P 2) +2 Ny (By) +

All together, we obtain

1 2 2k+2 1 1 = N 22k+2 1 < _
I +J, < (p - > + (2’“ F14 <p >> E {N”(BWO ’Bk] +2E [ e (By)>0 ’Bk}

2 ™ 2 N, (By) ™ Ny(By)?
3k Bl
gk (p_ 1) c {1N"(§k)>o ’Bk] L2 +2E [1Nﬂ(~k>>0 ‘Bk:|
2 N, (By,)1/2 T N, (By,)3/2
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The computation is similar to (62)), with p” = P (X € By | Bk) :

1 2 2k/2+3(p_ l) 2k+2 1 23k/2+2 22k+2 )
I,+J,<(p-= R S LA -
o B 1 2 2) ) e
1\ 2 Qk/2+3(p_ l) 92k+3
<|[p== 2 1 k
<(r-3) + 7 )
with 5 (k) = sdorsy (2’€ +14 22 o 1/2) 4 2 *) Finally,

E[(rrn(X) = (1= 0)*Ixewlyes,] +E[(re1n(X) = (1 -p)*1xewlyo, |

<E (I, +J,)P (X € W, X € BylBy) | + ( - ;)QP (xew. x e W)

1 2 2k/2+3(p_ %) 22k+3 o
<E D) 1 P(X X

Since for all By, there is exactly the same number of black cells and white cells in By, we have

1\? ,
—|—<p—2> P(XeW,XeV

/!

P (X eW, X e Bk|Bk> = %,

yielding
E[(rean(X) — (1 =p)*Ixewlxep, ] +E [(rean(X) — (1-p)*Ixewlxai, ] (76)
1 1\ 2k/242(p 1 92k+3
<3(p-3) * e e )
(77)

Gathering , and , we have

2 ok/243(p _ 1 . 92k+2 2 RY n

where (k) = 7681(k);52(k).

S5.2 Proof of 1. (ii) (lower-bound for the case k < k*)
We have, according to ,

E [(rran(X) = 7(X))?] = E [(re,1,0(X) — 1(X))?1n, (. (x)>0)] + E [(r(X))* 1w, (0, (x)=0) ]

2+ 1— 2
— E [ (X) — (X)) Ly (0 00y] + E P

2 P(Nn(cn(X)ZO)'

(78)
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Letting Z» = E {ZX,ieCn(X) Y | N, ..o, N2k,cn(X)}, we have

E [(rk1.n(X) = 7(X))*1n, (¢, (x)>0)] (79)
r 2

_ 1N, (Cu(X)>0) :

=E (Nn(Cn(X)) Xie%;(x) Y —r(X) 1Nn(Cn(X)>0) (80)
r B 2
In, (Cn(x)>0)

= | 22nCX)>0 Vi — Ny (Co(X))r(X N, .oy Noi, Cp(X 81
- - )
In, (Cn(x)>0) 2

=E|—F—ZE Y, — Z + (Zy — N, (Cp,( X))r(X 82
Na(Ca(X))? Xig;(x) 2| 7 NG %)

2 ( Z Y - ZQ) (Z2 - Nn(Cn(X))T(X)) | Nla ---;N2kvcn(X)

XiGC'n(X)

] . (83)

The cross-term is null according to the definition of Z and because (Z2— N,,(Cp,(X))) is (N1, ..., Nox, Cr, (X))
- measurable. Therefore,

2
1N, (Co(X)>0)
(Nn(Cn(X)) Xe; —r(X) Ny (Cn(X)>0) (84)
2
1
—E|VERORE || X vz 1M N G (55)
n(Cn(X X:€Cn (X)

+ B | GO [(20 = NG X)) (X)) | Ny N, €10
= I+ Jn, (86)
where I,, and J,, are respectively a variance and bias term. Now, note that
E [(22 — N (Co(X))r(X))? | N1, ..y Nok, cn(X)}
= E [(Z2 = Na(Cu(X))P)* Lxes + (Z2 = Na(Cu(X)) (1 = 1)) Lxew | Nivos Nar, Ca(X)] . (87)
Additionally,
P(X €B|Ni,....Not,Cn(X)) =P (X €W | Ny, ..., Nor, Cn(X)) = 1/2.
Consequently,
E [(Z2 — N (Co(X))F(X))2 | Ny oey Noi, G (X)
- %E [(z2 N (Coa(X))p)? + (Zs — Noy(Cr(X))(1 — p))2 | N, ..o, Ngk,cn(X)} L (88)

A small computation shows that for all z € R, for all N € N

})2

(o= Np)* + (o = N(1 = p))* 2 2N*(p — 5

which leads to



All in all,

E [(ri1 0 (X) = (X)) = Ly + Ty + 2 (; 2 (v, (0 (X)) = 0) (89)
> (v 1) P > 0+ P e vy <o) o)

2
> <p _ ;) | (91)

S5.3 Proof of 2. (i) (upper-bound for the case k > k*)

Recall that k > k*. In this case, each leaf of the encoding tree is included in a chessboard cell. Using

, one gets

E [(re,1,0(X) = 7(X))%)] = E [(r,1,0(X) = 7(X))*Ln, (0 (x))>0] + vt < : )”

2 =%
(92)
Note that

E [(rk,1,n(X) = (X)) 1, (0, (x))>0)

2 r 2
1 1
—E _ Yi—p| lxeslyes | +E || === 3 Yi-p| xeslyon
(Nn(Bk) > p) XEBEXeBy (Nn(Wk:) ‘ p) XEBIXEW:

X, €By,

XiEBk

2 7 2
1 1
+E _— E Y, —(1— 1 1,5 | +E _— E Y. —(1— 1 1.
(Nn(Bk) ( p)) Xewlxes, (Nn(Wk) ( P)) Xewlxeaw,

2 2
1 1 1 1
=3k (Nn(ék) 2 Yip) Iy.@oso| +5F (Nn(wk) > Yi(lm) Ly, )0

X;€By, X €Wy,
+E [1X€B,X€Wk] +E [1X6W7X68J : (93)

Let L be a generic cell. The third term in can be upper-bounded as follows:

ok
E |:1XEB7X6V~V]¢:| = Z E [1X€L.f 1chWmB} (94)

=1

Jzk
:ZP(XeLj)P(LjCWkﬂB) (95)

j=1

2k
:ZP(XeLj)P(LjCVVk|LjCB>P(LjCB) (96)

j=1
:%P(LCW;C|LCB>7 (97)
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by symmetry. Now,

1
N (L)

P(Lcm|LcB)=P< Zl;@=0>;LCB> (98)

X,EL

<E|P ! Z 1}/1.:0—(1—]?)21—(1_p)‘Nn(L),LCB |LCB

- N, (L) 2
X;€L,LCB
(99)
<E {e—QNn(L)(P—% 2} (100)
(according to Hoeffding’s inequality)
SIE {efz(p*%)leieL} (101)
i=1
(by independence of X;’s)
672(p7%)2 ]_ "
<2k+12k . (102)
Consequently,
1 [ e 21" 1\"
E {1XEB,X€W;€:| < 9 < ok +1- ok | -
Similar calculations show that
1 -
E [Lxew.xes] = 5P (ECBel LCW)
1 [ e—20—3%)° 1\"
< = 1-— 1
<3 ( oF + o (103)
Therefore,
E [(r,1,0(X) = r(X))%)]
2 2
1 1 1 1
=3F N, (Br) Z Yimp | v.so>o| +5F N, (W) Z Vi (1=p) | In,00050
X, EBg X, EWxg
o2 PO-p? (| 1Y
— 1—-— 104
* ( 2F o 2 < 2k> (104)
Now, the first term in (104)) can be written as
2
1
n\Pk X, €By,
r 2 7 2
1 1
= E N (l,;, ) Z }/L - D :I'N,,L(B~1€)>[):I-E>’:B~,c + E N (é ) Z }/z —p 1N1L(B~k)>015¢8~k
n\Pk X;€By, n\Pk X;€B
(106)
_ ) .
1 -
<E (N B Z Yi—p| ly.B9>0ls=5,| +P (B #* Bk) (107)
" X; By,
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Now, using a union bound, we obtain

P(B#Bk) <y P(Lj¢l§k)+ 3 P(chék) (108)
L;CB L;CW
SQ—;P(LgZBk|LCB)+%~P(LCZ§HLCW) (109)
<2k <62(z>§)2 1 )n
<o+l ] (110)

according to (102)) and (103)). Additionally, the left term in (107]) satisfies

2

r 2
1
Z Yi—p| 1y, B9)>0ls=5,| <E (Nn(B) Z Yi—p> In,(B)>0 (111)

X eBy X;eB

2
1
<E | (B)>° (Z Y; — pN,i( ) (112)

X €B

1Nn(s)>o] (113)

noticing that the square term of (112]) is nothing but the conditional variance of a binomial distribution
B(N,(B),p). By Lemma [S4] (i ) on N (B) which is a binomial random variable B(n,p) with p = 1/2
(exactly half of the cells are black),

2p(1 —p)
Nn(lg’k)>01Nn(l§k)>0 < 7174-1

X eBy

Hence

Similarly,
o L S I P (LR U Y AR A
Nn(m)x,eml P tnomz0) =T 2k 2k |

Finally,

Injecting (114 and ( into , we finally get
2 —p)2 n —2(p—3%)? "
2y . P+ (1 —p) 1 k(e 2 1
€ [(rin(X) —r(x))?)] < EEEZPE (0 D) e (S -

wp(l—p) [e 22 )"
1— —
L T B

which concludes this part of the proof.

S5.4 Proof of 2. (ii) (lower-bound for the case k > k*)
We have

2 Y n
E [(rk1.n(X) = r(X))*)] = E [(rk,1.0(X) = 7(X))* Ly, (c(x))>0) + <p+(;p)> (1 - 21’?) ’
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where

E [(r,1,n(X) = (X))’ 1, (x))>0)

2
1
2E 3 Z Yi—p| lxeslxes In, Bo>01l5=5.
N, (Bk) Py

2
1
+E A Z Yi—(1-p) 1Xeleerk 1N,,L(Wk)>01W:Wk
N, (Wy) o

2
1
>P(X eB)E = Z Yi—p| 1, In, (5.0
Nn(Bk) X; € ~Ic
2
1
+P(X eW)E — > Yi—(1-0) | Lyow,Iy,omsol - (116)

Nn(Wk) XiEW

The first expectation term line (116)) can be written as

2
1 ~
(Nn(ék) Z Yi —p) 1B:Bk1Nn(Bk)>0 =P (B = Bk) E

X, By, X;eB
(117)
According to (110)),
N —20-3 _1\"
P(B:Bk)>1—2k.<1+e2k> . (118)
Similarly,
. 20— _1\"
()1 (1)
Furthermore,
1 ? 1 ’
E Y,—p| IB=By| =E|-———E Y; — N, (B)p | |Ni,..Now,B=DB;| |[B=B
[(Nn(rf) 2z ) | ] [Nn<6>2 [(XZB o ) e ] | ]
(119)
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where we let Z =5 x,en Yi- A typical bias-variance decomposition yields

2
(ZY Ny ( ) |N1,...Noi, B = By, (120)

X;eB

—E (Z _E [Z | N1, ... Ny, By, = BD2 n (E [Z | Ny, ...Now, By, = B} —Nn(B)p)2 | Ny, ...Nox, By, = B
) (121)
>E -(Z —E [Z | Ny, ...Nox, By = BD2 | Ny, .. Nox, By = B] (122)
r 2
3 ijE[Zj|Nj,chBk} | N1, ...Now, By = B (123)
L,CB

2_: E {(Zj ~E[2,IN,.L; C BkDQ N, L, C 1’5’4
L;CB :

+ 2Li’Lj§L#Lj e((Z-E[Z | N Li c B]) (2~ E[2 | Nj. Ly € Bi] ) | N, Now By = B
(124)

-3 E{(ZjE:Zj|Nj,chBkD2Nj,chBk} (125)

L;CB

with Z; =3« er,; Yi; and Ly, ..., Ly the leaves of the first layer tree. Note that Zj|Nj,Lj C B are
i.i.d binomial Varlable B(N;,p). In (123) and (124), we used that that given a single leaf L; C B,

{Zj | Ny, ..Nox, By, = B} =E [Zj | N;,L; C Bk} To obtain (125)), we used that conditional to

Ny, ...NQk,Bk = B, Z; and Z; are independent. Therefore the double sum equals 0. Let j be an
integer in {1,...,2%}

. 2 -
E {(Zj—E[Zj | N, L, chD | N;, L ch} (126)
—E[22|N;, L, C By fE[Zj|Nj,chBkr (127)
>E[22 | N} ~E |2 | Njy L € ékr (128)
2

Njp(1—p)+ N2p* — | Nyp+ %(1— ) 2 (129)
Z P(Z;=1)

> N;(1-p) (p— N;(1-p)P <Zj = % | Nj) —2N;p-P (Zj = % | Nj)) (130)

> Ny(1=p) | p- ]?fvl. ﬁ) (4p(1 — p))™ (ij (ap(1 - p)™/? (131)
T3 ta T(H+12

> N1 -p) - (2022 Py avi - P) N 1= ). (132)

We deduced Lme - from the fact that 22 isa p051t1ve random variable, (129) from Lemma
. Line ) from the fact that p > 1/2 and Line ) from the inequality (3]) on the binomial
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coefficient. Injecting (124) and (132)) into (119)) yields
) 2
LSy, 55

X;eB

E

1 2(1 —p)? 2 . =
2B v O QWM1—p>—((Wp>+av5a—p0-A€/~Mm1—p»“”)u3=84

L L;cB
(133)
(p(1=p) . 2(1 — p)? : o
S AT B’“} - (7r + 2) L;BE [<4P(1 ~p)V? | B= Bk} (134)

where the last inequality relies on the fact that the N;,L; C B are i.i.d, with b € 1,..., 2% be the
index of a cell included in B. Nj; is a binomial random variable B(n,27%).

_ " _ 1
E [(ap(1 —p)™"? | B=Bi] <E[(4p(1 - p)™?] ——— (136)
P(B=B5)
n 1
- (\/4p(1—p) .2*’“+(1—2*’c)) - a3
P(B=5)
From the inequality Line (I18)), we deduce that as soon as n > log(2k)—lo(gk(—:})2(l;)§(12/)2)2—1+2")’
1
- <2 (138)
P(B=5)
Therefore,
E[ap(1-p)™? | B=B] <2 (Vap(l—p) 27+ (1-27H))". (139)
Moreover,
1 " 1
E { B = Bk} > . (140)
N,.(B) E [Na(B)|B = By
P(B=5)
> - (141)
E [N, (B)]
9 okt 2037 _1\"
> R —— 142
—n n < * 2k ) (142)

where the last inequality comes from the probability bound line (118]) and the fact that N, (B) is a
binomial random variable B (n,1/2).

Finally,
2
1 _
PR —p) B = By (143)
2p(1 —p) k —k no 21 —p) 257 _1\"
> B 3.2 (1f2 (1f 4p(lfp))) - - 1+ 5 . (144)

Similarly, regarding the second term of (L16]), note that P (Bk = B) =P (Wk = W) and

EK}:E—MM%FM>WNW%EW4=EK§:MO—MMW>NNWW=W4.

X, ew X, eW
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Thus we can adapt the above computation to this term :

E [(W Z Yi_P> W:Wk] (145)

X eEW

S A=) g g (1—27 (1- Va(i-9))) - 2 e =) <1+6_2(p 2)2_1> ()

n n 2k

Rearranging all terms proves the result :

E [(rkan(X) — r(X))?] > (21)(1_1)) _okt2, (1 _ gk (1 — VAl = p)))”

2k +1p(1 — p) e2-97 _1\" A e20-5% _1\"
- . 1+ 5 1-25 |1 ————

2k
2p(1 — nogktlpq —2-9° _1\"
n n 2k
2k +1p(1 — e 2-3° _ 1\ p2 4 (1-p)? 1\"
_2-p) (g . R T 1
n 2 2 2
2n(1 — n 9k+2,0] 1—e20-9H\"
> P(L—D)  ors2 (1 ok (1 I 7p))> B p(t=-p) (4 e 2
2 2 n
p*+(1-p) 1
LI S <A B [
+ 2 2k
_ k+3 . — 5.\ 2 N2 n
> 2p(1—p) 2777 (1= prp) L I-p°( L
n n 2 2k

where
pkp =2 Fmin (1 —/4p(l —p),1 — e 20—z 2) .

Note that, since p > 1/2, 0 < pgp < 1.

Lemma S6. Let S be a positive random variable. For any real-valued o € [0,1], for any n € N,
P (S <an)V[S|S < an] < VI[S]
Proof. We start by noticing that:
A, =P(S>an)E [(S—E[S 1S > an))?| S>om]
+P(sgan)5[(s—5[5|5gan])2 |5gom}
<P(S>an)E [(S—a)2 | S>an} +P(S<an)E [(s—b)2 | Sgom}

for any (a,b) € R%.
Then,

AngP(S>an)E{(Sfa)2|S>om}+P(S§an)E[(Sfa)2|S§om}
—E[(5-0)]
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for any a € R.
Choosing a = E [S], we obtain

Therefore,
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