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Abstract

We present a new approach for distilling boosted trees into
decision trees, in the objective of generating an ML model
offering an acceptable compromise in terms of predictive per-
formance and interpretability. We explain how the correction
approach called rectification can be used to implement such a
distillation process. We show empirically that this approach
provides interesting results, in comparison with an approach
to distillation achieved by retraining the model.

1 Introduction

Applications of machine learning (ML) have expanded
rapidly over the past decade, driven by the rise of Al sys-
tems based on ML that deliver increasingly strong predictive
performance. However, in many high-stakes application do-
mains — such as healthcare and law — predictive accuracy
alone is not sufficient. Users must also be able to interpret
the results produced, understand the reasoning behind the
system’s predictions through appropriate explanations, and,
whenever possible, correct prediction errors.

Unfortunately, most accurate ML models are typically
hard to interpret, and vice versa (Rudin 2019; Arrieta et al.
2020). Therefore, when both accuracy and interpretability
are expected (as it is the case when an ML-based Al system
is designed for a critical application), a compromise must be
looked for. Model distillation (Hinton, Vinyals, and Dean
2015; Frosst and Hinton 2017; Gou et al. 2021), a method
for building a “simpler” target ML model than the source
ML model considered as input, can be used to achieve such
a compromise (Asadulaev, Kuznetsov, and Filchenkov 2019;
Wood-Doughty, Cachola, and Dredze 2022).

Following this research line, we present in this paper an
incremental distillation process, where the aim is to correct
an initial ML model I for binary classification, that is quite
interpretable but not very accurate (here, a decision tree),
using another ML model P for binary classification, that is
quite precise but not interpretable (here, a boosted tree). Our
objective is to correct I in an incremental way to make it
logically closer to P at each correction step (i.e., to increase
the number of instances « such that I(x) = P(x)).

A key motivation for such a distillation process is that
many XAI queries are tractable for decision trees, while
they are intractable (NP-hard) for boosted trees (Audemard
et al. 2021). In practice, only a few XAI algorithms have
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been implemented and are available online for boosted trees.
Furthermore, such XAI algorithms for boosted trees do not
scale up well. Especially, this is the case for the XAl query
that consists in deriving a subset-minimal abductive expla-
nation (aka a sufficient reason) (Ignatiev, Narodytska, and
Marques-Silva 2019; Darwiche and Hirth 2020) for a given
instance. Notably, the computation in a reasonable amount
of time of a sufficient reason for an instance x given P may
depend heavily on the instance « one starts with. In contrast,
the critical part in the computation of a sufficient reason for
x given P through the distillation of P into I is the distilla-
tion process itself: once I has been computed from P, even
when I is large enough, computing a sufficient reason for x
given I (and answering other XAI queries) becomes highly
efficient for any instance.

In this paper, we show that rectification (Coste-Marquis
and Marquis 2021), a belief change approach suited to the
correction of binary classifiers, can be considered with profit
for the distillation of a boosted tree P into a decision tree /.
More precisely, we show how rectification can be special-
ized to the case when P is a boosted tree and [ a decision
tree, so that the rectification of P by I can be achieved in-
crementally and in a much more efficient way.

In our work, we compared our rectification-based ap-
proach to distillation with a simple, yet pure ML approach
based on retraining the model (Zhou 2019). For each of the
two approaches, we performed some experiments to assess
the quality of the distillation produced, evaluated by mea-
suring the predictive performance of the corrected decision
tree relative to P, i.e., viewing P as a ground-truth oracle.
The experimental results obtained have shown the interest of
the distillation approach based on rectification compared to
retraining.

Because the distillation of P into I may lead to a signif-
icant increase in the size of the decision tree (this increase
being unavoidable in the worst case), it was also important to
point out some empirical evidence to support the claim that
the distillation of P into I is computationally useful. To do
so, we focused on a specific XAl query, namely computing a
sufficient reason for a given instance . We took advantage
of state-of-the-art algorithms for deriving sufficient reasons
to compare the time needed to derive a sufficient reason for
x from I with the time needed to derive a sufficient reason
for  from P, i.e., without distilling first P into I. As soon
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as the former computation time is strictly smaller than the
latter, the time spent in distilling P into I can be balanced
over sufficiently many instances . Our empirical results
(based on average computation times and numbers of time-
out) clearly show that distilling P into [ is advantageous
despite the significant growth of [ it may lead to.

For space reasons, the proofs of the propositions pre-
sented in the paper, as well as the datasets, the code used
in our experiments and additional empirical results are fur-
nished as a supplementary material available from (Aude-
mard et al. 2025).

2 Formal Preliminaries

Let X = {x1,...,x,} be aset of Boolean variables and let
y be a Boolean variable not appearing in X. Literals y and
y are used to denote the classes of positive and negative in-
stances (respectively). X corresponds to the set of Boolean
conditions appearing in the boosted tree P and it can be used
to describe the instances. The set of all instances over X is
denoted by X. The elements of X do not primarily rep-
resent independent conditions because they can come from
the same numerical or categorical primitive attributes (for
example, we can find in P the condition z; = (S > 30)
relating to the numerical attribute S but also the condition
29 = (S > 20) which is logically linked to it: z; cannot
be true whereas x5 would be false). A domain theory, in
the form of a logical formula T'h on X, specifies the links
between non-independent Boolean conditions (for example,
Th = x1 = x2). Each instance x of X can be considered
as an interpretation on X that satisfies T'h. x is then viewed
as a mapping associating each Boolean variable x; (i € [n])
with 1 if and only if the i*” coordinate x; of a is equal to 1.
This interpretation can be represented by a (canonical) term
t, on X, formed by the set (interpreted as a conjunction) of
the positive literals x; (i € [n]), such that z; = 1 and by the
negative literals Z; (¢ € [n]) such that z; = 0.

Definition 1. A binary classifier on X is a mapping C' from
X to the set of Boolean values {0,1}. € X is a positive
instance if C(x) = 1 and a negative one if C(x) = 0.

Any binary classifier can be represented by a classifi-
cation circuit in the sense of (Coste-Marquis and Marquis
2021):

Definition 2. A classification circuit ¥ on X U {y} is a cir-
cuit equivalent to a formula of the form X x < y where X x
is a Boolean formula on X.

Indeed, any binary classifier C' based on Boolean at-
tributes X (including decision trees and boosted trees) can
be viewed as a Boolean formula C'x on X whose models are
precisely the instances classified positively by C, i.e., satis-
fying C(x) = 1. In general, there is no polynomial-time
algorithm to get C'x from C, but associated with C, we can
always define a classification circuit ¥ = C'x < y.

In the following, when @ is a Boolean circuit or a formula
on X U{y} and z is any variable from X U {y}, ®(z) (resp.
®(Z)) denotes the conditioning of ® by z (resp. by z). ®(z)
(resp. ®(%)) is the circuit (or the formula) obtained by re-
placing in ® any occurrence of z by the Boolean constant T
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Figure 1: A decision tree I and a tree ensemble (alias a

boosted tree) P. P is formed by two “regression” trees 77
and T5. For each tree, the dotted arc (resp. the solid arc)
from a node labeled with a condition cond corresponds to
the assignment where cond is false (resp. true).

representing the truth value 1 (resp. L representing the truth
value 0). When ¥ = X x & y is a classification circuit on
X U {y}, the set of models of () consists precisely of the
models of X x. Finally, when & € X is an instance, ®(x)
denotes the iterative conditioning of ® by each literal of ¢,.
Thus, x € X is classified positively (resp. negatively) by
when X () is equivalent to y (resp. ).

Decision trees (Breiman et al. 1984; Quinlan 1986) and
boosted trees (Freund and Schapire 1997) are two ML mod-
els that can be used to represent binary classifiers:

Definition 3. A decision tree (resp. “regression” tree) T’
on X is a binary tree such that internal nodes are decision
nodes labeled by elements x of X and leaves by Boolean
constants (resp. real numbers). By convention, when follow-
ing the left (resp. right) child of a decision node labelled by
x, x is set to false (0) (resp. true (1)). An instance x € X
satisfies T(x) = v if and only if the unique path from the
root of T' to a leaf which is compatible with x is a leaf la-
beled by v.

Definition 4. An additive tree ensemble P on X is a set
{T1,..., T} of “regression” trees on X. An instance © €
X satisfies P(x) = 1iff Y-, Ti(x) > 0.

In our experiments, the tree ensembles P under consider-
ation were generated using the XGBoost algorithm (hence,
slightly abusing words, we use the term “boosted tree” in
this paper instead of “tree ensemble”). However, our rec-
tification method applies equally to any other additive tree
ensembles, such as (weighted) random forests or ensem-
bles generated using Adaboost (Freund and Schapire 1997,
Schapire and Freund 2014).

Example 1. As an illustrative example, let us consider a
problem of credit allocation to bank customers. Each cus-
tomer is characterized by an annual salary (S a numerical
attribute), a fact of having already reimbursed a previous
loan (R a Boolean attribute) and, whether or not, they have
a permanent position (PP a Boolean attribute). Two bi-
nary classifiers are considered. On the one hand, a boosted
tree P consisting of two regression trees (1 and T5). On
the other hand, a decision tree I. P and I are described
in Figure 1. X corresponds to the four Boolean conditions
considered in this order 1 = (S > 30), z2 = (S > 20),
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z3 = R, x4 = PP. Note that x1 and x5 are not inde-
pendent. Indeed, an instance over X = {x1,x2,23,24} is
feasible only if it satisfies Th = x1 = x9. We can eas-
ily check that I is associated with a classification circuit on
X U{y} that is equivalent to ((x1 Ax3)V (22 Ax4)) < y and
that P is associated with a classification circuit on X U {y}
that is equivalent to (x1 A x4) < y (indeed, Ty +T5 > 0
holds precisely when S > 30 and PP are both true). We
can also check that I and P classify the instances of X in
the same way, except for the instances (0,1,1,1), (0,1,0,1)
and (1,1,1,0). Indeed, these three instances are classified
positively by I and negatively by P.

A classification rule is a rule that indicates thanks to its
conclusion part (the right-hand side of the rule) how to clas-
sify any instance matching its premises part (the left-hand
side of the rule).

Definition 5. A classification rule over y (resp. ) is a for-
mula of the form R = px = y (resp. R = px = ) where
px is a formula on X.

Such a rule R can be deduced from a classification circuit
Y on X U {y} precisely when ¥ = R holds.

Example 2 (Example 1, cont’ed). The formula R =74 =y
is a classification rule over . This rule can be deduced from
the classification circuit (1 A x4) < y associated with P.

Classification rules do not state how to classify instances
that are not covered by their left-hand side. For this reason,
a classification rule (and more generally a set of such rules)
does not represent a complete classifier. Observe that when
an instance x is covered by the left-hand side ¢ x of arule R
(so that R indicates how x must be classified), the iterative
conditioning R(x) of R by t is equivalent to the right-hand
side of R. Thus, R(x) can be interpreted as the application
of the (partial) classifier R to instance x, giving the cor-
responding class. Furthermore, classification rules can be
conflicting: Ry = ¢ = yand Ry = ¢% = 7 are said
to be conflicting if and only if Th A o} A % is consistent.
Given two conflicting classification rules R; = ¢ = y
and Ry = ¢% = 7, one does not know how to classify an
instance x satisfying ¢’ A % as the two rules give contra-
dictory conclusions about the class of .

Finally, one needs to make precise the notion of abduc-
tive explanation for an instance given a binary classifier (Ig-
natiev, Narodytska, and Marques-Silva 2019):

Definition 6. An abductive explanation for x € X given a
binary classifier C on X is a termt on X such that t covers
x (ie,t Cty)andforall ' € X such thatt covers ', one
has C(x') = C(x).

Such an abductive explanation ¢ provides a set of condi-

tions (literals) corresponding to characteristics of the input
instance x and explaining why the instance x is classified
by C in the way it has been classified.
Example 3 (Example 1, cont’ed). ¢ = Z7 = (S > 30) is
an abductive explanation for (0,1,1,1) given P. The fact
that the salary of the incomer is less than or equal to 30k$ is
sufficient to explain why, according to P, the loan requested
should not be granted.
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3 Rectifying a Classification Circuit

Let us now show how to use the rectification operation to
iteratively correct a decision tree using classification rules
extracted from a boosted tree. In the general case, when a
classification circuit ¥ = ¥ x < y is rectified by a formula
F on X U {y}, the result of the rectification process (Coste-
Marquis and Marquis 2023) is the “corrected” classification
circuit ¥ x F' defined by

Y« F=Y% <y, where

Sk = (Sx A(F@) A =F(y) V (F(y) A~F(@)).

¥ characterizes the instances to be classified as posi-
tive after the rectification of X by F'. Those instances can
be gathered into two sets: the instances that are consistently
asked to be classified as positive by F' (they are character-
ized by the subformula F(y) A =F (%) of X&), and the in-
stances that were already classified as positive by X provided
that F' did not consistently ask them to be classified as neg-
ative (those instances are characterized by the subformula
Yx A=(F(g) A=F(y)) of £5).
Example 4 (Example 1, cont’ed). Suppose that the rectifi-
cation formula F is the classification rule R = T4 = 7y that
can be deduced from the classification circuit (x1 Ax4) <y
associated with P. We have F(y) = x4 and F(g) = T, so
that F(y) A\—=F(y) = L and =(F(g) A—F(y)) = x4. Thus,
rectifying the classification circuit ((x1A\x3)V (x2Ax4)) <
y associated with I by the formula F leads to a classification
circuit that is equivalent to (((x1Ax3)V(xaA\z4))ALy) < Y,
thus equivalent to (((x1 A x3) V 22) A T4) < Y.

Interestingly, in the specific context considered in this pa-
per, i.e., X x isadecision tree on X and F' = Px < y where
Px is a boosted tree on X, the previous definition of ¥ x F’
can be simplified significantly, leading to improved compu-
tations. The next three propositions are the key results on
which our distillation method is based. Proposition 1 shows
that the general definition of a rectified classification circuit
can be simplified when the rectification formula is a classi-
fication rule. Proposition 2 shows that the rectification of a
classification circuit by a conjunction of classification rules
can be achieved on a rule-per-rule basis. Finally, Proposition
3 indicates how classification rules can be generated from
abductive explanations.

Proposition 1. Let 3 = Y x < y be a classification circuit
on X U{y}. Let R = ox = y (resp. R = ¢ox = )
be a classification rule over y (resp. y). We have ¥ x R =
(Ex Vex)ey(resp. ExR=(Zx Apox) < y)

The previous example illustrates this proposition.

The next result shows that rectifying a classification cir-
cuit X by a (conjunctively-interpreted) set F' of classification
rules deduced from another classification circuit amounts to
rectifying ¥ by each rule from F in an iterative fashion (the
order according to which the rules are considered does not
matter because those rules are never conflicting):
Proposition 2. Let ¥ = X x < y be a classification circuit
on X U{y}. Let ® = ®x < y be another classification cir-
cuiton X U{y}. Let {Ry,..., Ry} be a set of classification
rules that can be deduced from ®. We have

Sx(RiN...ARy)=(ExRy)*...%x Rg.
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Finally, the next proposition shows how to deduce classi-
fication rules from a circuit ® x < y, using abductive ex-
planations for instances given ® x:

Proposition 3. Let Cx < y be a classification circuit on
X U {y} associated with a binary classifier C. Let x € X
be an instance such that C(x) = 1 (resp. C(x) = 0). Let
t be an abductive explanation for an instance x € X given
C. R=1t= y(resp. R =1 = 7)is a classification rule
over y (resp. y) that is implied by C'x < y.

4 Distilling Boosted Trees into Decision Trees

By combining Propositions 1, 2 and 3, one can define
an incremental (and possibly partial) distillation process of
boosted trees P into decision trees /. The idea is to consider
only instances x that are misclassified by I (i.e., those clas-
sified differently by P) as soon as they appear at inference
time, and whenever such an instance x is encountered, to
correct the classification circuit Iy < y associated with
by a classification rule R that covers x and is implied by the
classification circuit Py <> y associated with P. At each
correction step, the set X7 = {x € X | I(x) # P(z)} of
instances from X that are, according to P, misclassified by
I is reduced.

The choice for such a lazy but opportunistic approach to
distillation comes from spatial complexity results showing
that the full rectification of Ix < y by Py < y would
be out of reach in general. Indeed, a combinatorial blow-
up is unavoidable in the worst case, whatever the way the
distillation is achieved: it is known that, in the worst case,
turning a boosted tree Px into an equivalent decision tree [ x
requires exponential space (de Colnet and Marquis 2023).

Algorithm 1 makes precise how one step of the incremen-
tal distillation process of P into I (the step triggered by x)
is achieved. An abductive explanation ¢ for « given P is first
computed. A classification rule R that is implied Py < y
(cf. Proposition 3) is formed using ¢. Then, using Propo-
sition 1, the classification circuit X x < y where Xx = [
is rectified by R. In detail, a decision tree I equivalent to
Y x Vyx (orto X x A—px depending on the right-hand side
of R) can be generated efficiently by looking at the root-to-
leaf paths p of X x and rectifying each of them separately, in
parallel." Basically, every root-to-leaf path p of a decision
tree can be associated with a term ¢, which can be defined by
induction as follows: let ¢ be the empty term; if p reduces to
a leaf node, then return ¢; otherwise, p starts with a decision
node (the root of the tree) which is labelled by a Boolean
variable x; then add to ¢ literal x (resp. literal ) if p goes
right (resp. left) from the decision node and resume from
the child node that has been reached. When rectifying > x
by R, only those paths p of ¥ x associated with terms ¢ such
that t A px A Th is consistent need to be considered. More
precisely, among them only those paths leading to a 0-leaf
(resp. a 1-leaf) need to be updated when the right-hand side
of R is y (resp. y). Thus, when the right-hand side of R is
y (resp. ) updating p simply consists in replacing its 0-leaf
node (resp. its 1-leaf node) by a decision tree representing

!This approach can be easily extended to the multi-class and
even to the multi-label classification setting.
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Algorithm 1 The incremental distillation of a boosted tree
into a decision tree.
Require: a decision tree I and a boosted tree P over X, an
instance € X such that x € XIjE
Ensure: a decision tree I such that X iER cX Ii
t + abductive — expl(P, x)
if P(x) =1then R < (t = y)else R+« (t = 7)
IR « simplify(rectify(I, R))
return (I7)

the conjunction of the literals from ¢ \ ¢ x (resp. the nega-
tion of the conjunction of the literals from ¢ \ ¢x). Finally,
the domain theory T'h associated with I can be leveraged to
simplify the resulting tree 7. In a bottom-up way, starting
from the leaf of a branch p of 1 R up to the root of 1 R an arc
of p can be removed when the literal ¢ labelling it is a logical
consequence of (p \ {¢}) A Th. Furthermore, any internal
node of I with a left subtree identical to its right subtree
can be replaced by one of its two subtrees. This simplifica-
tion step is fundamental in practice to limit the growth of the
tree.

Example 5 (Example 1 cont’ed). Consider the instance x =
(0,1,1,1). As I(x) = 1 and P(x) = 0, we have = €
X7, 50 one needs to correct the misclassification done by I.
Using the approach introduced in (Audemard et al. 2023),
the abductive explanation t = T1 = (S > 30) for x given
P is first computed. Since P(x) = 0, from Proposition 3,
we know that the classification rule R = T1 = 7 is implied
by Px & .

Then, one rectifies the classification circuit ¥ = Ix <y
by the rule R and produces a circuit X x R which is equiv-
alent to (Ix N —t) < vy, following Proposition 1. To do
it, we generate a decision tree I such that I )}? is equiv-
alent to Ix N —t. I is obtained by updating every path
of I corresponding to a term that is consistent with the
premises t = T1 = (S > 30) of R but with a 1-leaf (since
the conclusion y of R asks for a 0-leaf). A single path of
I needs to be updated, the one associated with the term

(S >30) A (S > 20) A PP (see Figure 1). Updating it
simply consists in replacing its 1-leaf by a 0-leaf, resulting
in the tree shown in Figure 2 (left sub-figure), in which the
replaced leaf appears in red. This tree can then be simplified
(the resulting tree is shown in the sub-figure on the right).

Note that the correction step achieved by rectifying Ix <
y by R also corrects the classification error made by I < vy
on the instance (0,1,0,1). Indeed, the decision tree I%*
classifies all instances in the same way as P, except for
(1,1, 1,0), which will eventually be corrected if the instance
(1,1,1,0) is considered in the future.

In our approach, each correction step is thus triggered by
a single instance x. Considering a population instead (i.e.,
a batch of instances classified in the same way by P) would
not be possible in general because two instances can be clas-
sified in the same way by P for incompatible reasons (i.e.,
the two sets of abductive explanations can be disjoint).
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Figure 2: A decision tree I? such that I < y is equivalent
to (Ix < y)xR (left). An equivalent decision tree, obtained
by simplification (right).

Logical guarantees Notably, our rectification-based ap-
proach ensures that [ is made logically closer to P at each
correction step (i.e., the number of instances x such that
I(x) = P(x) increases at each step). Stated differently,
Algorithm 1 is correct w.r.t. its specification:

Proposition 4. The decision tree I computed by Algorithm
1 from a decision tree I on X, a boosted tree P on X, and
an instance © € X7 is such that XIiR c Xt

This guarantee is offered whatever the decision tree I one
starts with, especially in the restricted case when the initial
tree I consists of a single node (e.g., a leaf labelled with the
majority class) or when I already is at start equivalent to
P. Actually, the choice of the initial decision tree / impacts
only the number of correction steps that will be needed to
achieve a full distillation.

The guarantee that Xﬁ C XF is also ensured what-
ever the rule R that is computed by Algorithm 1. When
forming classification rules R from abductive explanations
t, subset-minimal abductive explanations appear as the best
candidates since they lead to the most general (i.e., logically
strongest) classification rules R. Indeed, since such rules
cover more instances than rules that are less general, us-
ing them may lead to diminishing the number of correction
steps of the distillation process. However, deriving subset-
minimal abductive explanations given boosted trees is in-
tractable. This explains why in our implementation we fo-
cused on tree-specific explanations (Audemard et al. 2023).

The order in which rectifications have been made also has
no impact on the resulting tree once all the misclassified in-
stances x have been handled, provided that the same rule
has been extracted whatever the step at which x is consid-
ered (this is a direct consequence of Proposition 2). Indeed,
in this case, the resulting tree represents the same binary
classifier whatever the order with which the misclassified in-
stances have been encountered.

On the contrary, at each step, the misclassified instance
a that is encountered has a big impact on the abductive ex-
planation ¢ that is computed (since ¢ must be an abductive
explanation for ), thus on the classification rule R that is
derived from this explanation, and, as a consequence, on the
misclassified instances that are covered by this rule. Simi-
larly, the abductive explanation ¢ for x given P that is cho-
sen to form R matters. Indeed, the number of instances that
remain misclassified after a preset number & of rectification
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steps can greatly vary depending on the instance considered
at each step and its chosen explanation. Especially, if the
correction process is interrupted before exhaustion (i.e., the
distillation of P into [ is partial), significantly different de-
cision trees can be generated after k rectification steps de-
pending on the choices made.

Complexity analysis A key advantage of Algorithm 1 is
its computational efficiency. Indeed, this algorithm runs in
strictly polynomial time with respect to the size of its inputs
(the boosted tree P and the current decision tree ). Specif-
ically:

* Explanation extraction: While deriving subset-minimal
abductive explanations for boosted trees is NP-hard, our
algorithm circumvents this by deriving tree-specific ex-
planations. The derivation of a tree-specific explanation ¢
is guaranteed to run in polynomial time (Audemard et al.
2023).

* Rectification and simplification: Rectifying the decision
tree I involves identifying and updating the root-to-leaf
paths of I that are consistent with the classification rule
R associated with ¢. The subsequent bottom-up simpli-
fication traverses the generated nodes to remove redun-
dant arcs. Both operations are performed in polynomial
time relative to the number of nodes in the current tree 1
(Coste-Marquis and Marquis 2023).

Accordingly, what makes the full distillation of P into [
computationally demanding is the repetition of the rectifi-
cation steps. Our lazy, instance-triggered approach offers a
way to keep the control of the complexity of the distillation
process.

5 Experiments

Empirical protocol In our experiments, we considered
various datasets for binary classification, coming from the
open repositories UCI (https://archive.ics.uci.edu/ml/index.
php) and openML (https://www.openml.org/). Each instance
is associated with a class ¢, which is equal to 1 or to 0 de-
pending on whether the instance is positive or negative.

Each dataset was partitioned into a 70% split used only to
train the oracle P, and a 30% split to trigger corrections and
test performance. This simple evaluation protocol proves
enough given that our goal is not to improve P (which is
viewed as an oracle), but to logically correct I to mimic P’s
behavior.

For each dataset, one started by learning a precise model
P, here, a boosted tree, using the algorithm provided in
the XGBoost library (Chen and Guestrin 2016), adjusting
hyperparameter values using grid search in an attempt to
get a predictive performance that is good enough. The hy-
perparameterization of P (i.e., the values of max depth,
n_estimators, and learning rate) was achieved using only the
training set. Once P has been learned, every instance of
each dataset has been translated into an instance represented
in the space of the n Boolean conditions used in P (thus,
the resulting instances are described solely using Boolean
attributes). L (resp. T") denotes the resulting set of instances
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Dataset |E| |F|] |B| %I, %14 %P  Repository \Tlio| \Ti
bank 4521 48 521 87.50% 85.46% 88.0% UCI 125 153
biodegradation 1054 41 242 81.75% 81.08% 84.68% openML 42 48
australian 690 38 174 81.63% 80.39% 86.20% openML 26 32
bupa 345 5 108 89.58% 89.58% 97.26% ucCl 8 8
german 1000 58 105 94.28% 93.57% 95.71% UCI 13 20
contraceptive 1473 21 68 68.44% 62.13% 73.87% UCI 77 126
cleveland 303 23 42 7857%  76.19% 87.5% openML 12 13
compas 6172 11 33 68.28% 65.85% 69.29% openML 125 254
cnae 1080 856 15 96.13% 9597% 96.47% UCI 5 5
breast-tumor 286 37 58 52.7% 52.5% 53.5% UCl 29 30
balance_0_vs_1 625 4 17  88.37% 84.88%  90.90% UCI 6 18
balance_0_vs_2 625 4 17 8297% 82.60% 90.14% ucCl 7 8
balance_l.vs_2 625 4 17  88.90% 80.00% 94.21% UCI 16 31

Table 1: Description of the datasets and accuracies of the models at start, before distillation.

used to learn decision trees (resp. to trigger corrections and
to test the predictive performance of the trees).

Then, decision trees I have been learned from L using
the algorithm provided in the scikit-learn library (Pedregosa
et al. 2011). Two configurations have been tested: one for
which hyperparameters have been set to their default val-
ues and one for which hyperparameters have been optimized.
The hyperparameterization of I (here, adjusting the value of
max depth) was based on the training set L, only. In the
default configuration, the depth of I is not bounded a priori
(whatever the step): any internal node N of I is decom-
posed whenever the subset of the training set verifying all
the conditions of the path going from the root of the tree to
N only contains instances of the same class (the node N is
said to be pure). In the optimized configuration, the depth
of I has been tuned in order to achieve a better predictive
performance and avoid overfitting. It has been set, for each
dataset, to the value given in Table 3, step 0, column D. The
depth of retrained trees has been limited to this value as well.

The default configuration typically leads to constructing
decision trees that overfit, offering in general a lower accu-
racy when assessed on 7'. Nevertheless, it makes sense to
consider this default configuration for two reasons. On the
one hand, because of the limited precision of the trees con-
sidered initially under this configuration, the correction steps
to be carried out can be numerous. On the other hand, it
is particularly favorable for ensuring correction guarantees,
even when retraining is used for the correction purpose. In-
deed, in practice, the choices made at each decision node un-
der the default configuration ensure that the instances of the
training set are associated with their expected class (the one
given in the training set). Indeed, every time an instance is
added to the training set so as to correct its classification, the
new decision tree learned after this addition classifies the in-
stance correctly: the desired correction is thus achieved. To
ensure robustness when learning the initial decision trees I
from L (the training set translated into Boolean conditions),
we did not rely on a single split. Instead, we utilized a re-
peated random sub-sampling cross-validation process: we
learned 10 decision trees I from L, retaining 70% of in-
stances from L for training each tree. The median accu-
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racy %I, (resp. %I,) obtained for the 10 decision trees has
been measured on the corresponding test set 7 for optimized
(resp. default) configuration.

The next step was to correct the decision tree I at hand
whenever necessary and whatever the configuration used to
learn it. For each (z,c¢) in T, P(x) is considered as the
“true” class (ground truth) of @. T3 {(z,c) € T :
I(x) # P(x)} is the subset of instances in T that, accord-
ing to P, are not classified correctly by I. The accuracy Ip
of I reliative to P, empirically measured on 7T, is given by
1-— ‘T;I“Il' So, if I(x) = P(x) for every (x,c) € T, Ip is
100%. Thus, 1 — Ip indicates the proportion of instances
in T that still need correction. Of course, the value of Ip
only indicates the extent to which I classifies instances in
the same way as P, but does not give any information about
the actual predictive performance of P.

For each ¢ € T, we computed a tree-specific explana-
tion ¢ for « given P using the code furnished in the PyXAI
library (Audemard et al. 2024). This explanation ¢ gives rise
to the classification rule R = ¢ = y when P(x) = 1 and to
the classification rule R = ¢ = 7 when P(x) = 0.

* As to the retraining approach, at each step, a small sample
of classified instances («’, P(x)) containing (x, P(x))
and such that ¢ covers x’ is added to L. More precisely,
a limited ratio » (r = 1% in the experiments) of the to-
tal number of instances that can be produced using the n
Boolean conditions occurring in P is generated and the
number of instances in the sample is limited to a preset
bound b (equal to 100 in the experiments). This restric-
tion is necessary to prevent an unmanageable growth of
the training set L at each step since the number of in-
stances covered by ¢ is exponential in n — |¢|. The sam-
ple is obtained by randomly choosing, according to a uni-
form distribution, conditions from P not present in ¢ until
maz(r x 271l b) instances have been generated. Only
those instances that are feasible given the underlying do-
main theory T'h are retained. Then, every instance (', ¢)
from the resulting training set such that the premises ¢ of
R cover &’ and the conclusion of R is different from c is
removed from the training set. Finally, a new training of
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the model I using the updated training set is achieved.

* As to the rectification approach, the current decision tree
1 is corrected with the classification rule R, resulting in a
new decision tree.

After each correction, TIi has been recalculated before
moving on to the next correction (this is necessary as I has
been modified).

For each of the two correction approaches and for each of
the two configurations tested, we measured after each cor-
rection (for each resulting decision tree I) the accuracy Ip
of the decision tree [ relative to P (this accuracy is esti-
mated on the test set 1), and the size of the decision tree [
(the number NNV of its nodes) and the depth D of I.

In order to be sure that computational benefits may result
from the distillation process, it was also important to check
that the time spent in distilling P into a decision tree can be
balanced. We made some experiments to test whether this
is actually the case: using the rectification approach, P has
been distilled into a decision tree in an incremental way, up
to the step f from which Ip = 100% (i.e., when the result-
ing tree classifies all the instances of 7" as the boosted tree
P) and the overall compilation / distillation time required
to reach such a tree I has been measured. This has been
achieved for each of the 10 decision trees learned from L
at start, using the default configuration (i.e., the depth of the
initial tree was not bounded a priori). Then, for each dataset,
100 instances « were picked up uniformly at random. A suf-
ficient reason for each x given I has been computed for each
I using a deletion-based algorithm (Ignatiev, Narodytska,
and Marques-Silva 2019) and a sufficient reason for each
x given P has been computed using the state-of-the-art al-
gorithm from (Ignatiev et al. 2022). For the two algorithms,
a timeout of 180 seconds was considered per instance.

Datasets used in the experiments are described in Table 1.
We kept in the experiments only those datasets from UCI
and openML leading to boosted trees P achieving higher ac-
curacies than the corresponding decision trees I considered
at start, i.e., at step 0. From left to right, the table indicates
the number |E| of examples (instances) in the dataset, the
number |F| of features (attributes) used to describe the in-
stances initially, the number | B| of Boolean conditions used
in the dataset once binarized using P, the median accuracy
%I, (resp. %I,) obtained for the 10 decision trees consid-
ered under the optimized (resp. default) configuration, the
accuracy %P of the boosted tree, the repository from which
the dataset comes from, and finally the median number \Tjio|

(resp. \Tlﬂ; |) of instances of the test set T classified differ-
ently by I, (resp. 1) and P.

All the experiments have been conducted on comput-
ers with 2 quad-core Intel(R) Xeon(R) CPU E5-2643 0 @
3.30GHz, each equipped with 32GiB of memory.

Empirical results Table 2 provides, for each dataset, the
median values of Ip (in %) and the median number of nodes
N of the corrected tree for each of the two correction meth-
ods (rec is rectification, ret is retraining). Table 3 provides
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Correction steps (default configuration)

Dataset 0 1 2 Final step (rec)
Ip N D Ip N D Ip N D Ip N D f
bank rec 88.76 51222 88.83 562 24 88.90 602 27 100.0 12273 39 153
ret 88.76 512 22 89.60 520 23 89.75 521 22 94.17 941 34
. rec 85.01 183 12 85.33 326 30 85.64 571 33 100.0 76331 50 47
biodegradation
ret 85.01 183 12 83.28 192 12 84.06 194 12 90.85 33928 -
rec 84.54 118 10 85.02 225 18 85.50 302 19 --- 100.0 2527 24 30
australian
ret 84.54 118 10 89.13 94 10 89.85 94 9 97.10 22115 -
bupa rec 9230 52 9 9326 81 12 9423 90 13 100.0 24216 8
]
P ret 9230 52 9 8942 48 7 8798 49 7 92.30 78 10
erman rec 9333 76 7 93.66 117 15 94.0 157 16 100.0 1099 21 20
Il
g ret 9333 76 7 9533 77 8 9483 75 8 97.66 105 9
rec 71.49 676 19 71.94 663 19 72.39 681 19 --- 100.0 4543 25 113
contraceptive
ret 71.49 676 19 85.29 392 14 86.19 385 14 9457 559 23 -
rec 8571 72 7 87.36 101 10 89.01 113 10 100.0 336 13 12
cleveland
ret 8571 72 7 89.01 61 7 86.81 65 7 95.60 91 8 -
rec 86.28 1022 16 87.87 550 15 87.93 554 15 100.0 465 15 71
compas
P ret 86.28 1022 16 99.62 314 12 99.59 314 12 99.64 34112 -
cnae rec 98.61 56 13 9891 34 8 99.22 42 8 100.0 79 9 5
ret 98.61 56 13 99.69 45 13 99.38 51 13 99.69 5313
rec 64.53 96 7 65.69 99 11 66.86 111 12 100.0 799 17 30
breast-tumor
ret 6453 96 7 7325 8 7 72.67 86 7 7790 103 7 -
rec 90.69 164 12 91.22 168 12 92.02 174 12 100.0 201 14 18
balance 0_vs_1
ret 90.69 164 12 92.28 154 13 92.55 154 12 94.14 163 12
rec 91.66 97 9 92.64 103 10 93.62 107 10 100.0 135 9 8
balance 0_vs_2
ret 91.66 97 9 92.64 96 9 93.13 97 9 97.05 113 11
rec 81.79 15 4 8236 17 4 84.68 23 5 1000 111 9 25
balance_1.vs_2
ret 8179 15 4 82.08 15 4 81.50 15 4 80.92 155 -

Table 2: Empirical accuracy Ip relative to P (in %), median
number of nodes N, and median depth D of decision trees
for different datasets and each correction method when the
decision trees are learned under the default configuration. f
. . . +

is the median number of steps at which T}~ becomes empty
when correction is performed by rectification.

the same type of information as Table 2 when the depths of
the decision trees have been optimized.

In Tables 2 and 3, a few correction steps are highlighted.
Step 0 is about the initial decision tree, step 1 (resp. 2, f) is
about the decision tree obtained after 1 (resp. 2, f) correc-
tion steps.

Whatever the configuration used for learning the trees, af-
ter each rectification, it is guaranteed that Ip strictly in-
creases since at least the instance triggering the correction
step has been corrected at each step. The maximum number
f of steps required to correct every instance of TIjE by rec-
tifying it is thus well-defined. Comparing this number f to
the number |TIi| of instances that were initially misclassi-
fied (see Table 1), one may observe in Tables 2 and 3 that
rectification with rules covering a possibly large number of
instances can have a very significant impact on the number
of correction steps required for achieving a complete distil-
lation over T (for example, for compas under optimized
configuration, 38 steps have been sufficient while 125 in-
stances from T were initially misclassified).

In contrast, the empirical results show that successive cor-
rections by retraining can decrease the value of /p, mak-
ing a complete correction impossible in general. This holds
under the optimized configuration, but also under the de-
fault configuration. In this last case, one knows that adding
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Correction steps (optimized configuration)

Dataset 0 1 2 Final step (rec)
Ip N D Ip N D Ip N D Ip N D f
bank rec 90.75 408 14 90.82 454 22 90.89 426 25 100.0 9322 36 125
ret 90.75 408 14 90.82 401 14 91.04 403 14 94.03 560 14 -
. rec 86.75 30 3 87.06 100 29 87.38 209 30 100.0 57826 47 42
biodegradation
ret 86.75 30 3 8580 31 3 8328 31 3 76.34 29 3 -
rec 8743 45 4 8792 69 14 88.40 130 17 --- 100.0 1477 22 25
australian
ret 8743 45 4 9082 43 4 91.06 36 4 79.46 43 4 -
buba rec 9230 46 7 9326 7313 9423 79 13 100.0 266 14 8
18§
P ret 9230 46 7 87.01 46 7 86.53 44 7 86.53 59 7 -
erman rec 955 44 4 9583 57 13 96.16 75 14 100.0 58520 13
g ret 955 44 4 975 41 4 980 43 4 98.0 45 4 -
rec 8257 24 3 8280 39 11 8348 6413 --- 100.0 1200 20 69
contraceptive
ret 8257 24 3 8733 22 3 8642 23 3 86.19 29 3 -
rec 86.81 29 3 8846 36 6 90.10 48 7 100.0 247 11 11
cleveland
ret 86.81 29 3 89.56 29 3 86.81 29 3 93.40 29 3 -
combas rec 9325 63 4 93.60 45 6 9424 51 7 100.0 193 12 38
e ret 9325 63 4 9343 60 4 9343 60 4 91.95 57 4 -
cnae rec 9876 41 7 99.07 30 7 9938 37 7 100.0 65 8 5
ret 98.76 41 7 9938 33 7 99.69 35 7 99.69 41 7 -
rec 66.27 148 14 67.44 159 14 68.60 171 15 100.0 603 16 29
breast-tumor
ret 66.27 148 14 74.41 141 14 73.83 141 14 8488 15314 -
rec 96.80 39 4 9734 29 7 9787 41 7 100.0 65 9 6
balance_ 0_vs_1
ret 96.80 39 4 9734 41 4 97.60 40 4 96.27 39 4 -
rec 93.62 24 3 9460 31 7 9558 39 7 100.0 74 9 1
balance_ 0_vs_2
ret 9362 24 3 9411 25 3 9411 25 3 90.68 25 3 -
rec 91.32 115 8 91.90 121 8 9248 127 8 1000 197 8 16
balance_1l_vs_2
ret 9132 115 8 9248 118 8 92.77 118 8 96.53 138 8 -

Table 3: Empirical accuracy Ip relative to P (in %), me-
dian number of nodes N, and median depth D of decision
trees for different datasets and each correction method when
the depth of the decision trees has been optimized. f is the
median number of steps at which TIi becomes empty when
correction is performed by rectification.

(z, P(x)) to the training set before retraining I is enough
to guarantee that x will be classified as required by P after
retraining. However, this is not enough to ensure that the ac-
curacy of the decision tree relative to P increases gradually
with the correction steps. Indeed, a misclassified instance
corrected by retraining at a certain step may become mis-
classified again after subsequent retraining steps.

Tables 2 and 3 also show that the growth of the size of
the trees (and of their depth) is more significant when rec-
tification is used than when retraining is used, and that the
size of rectified trees I can become quite large, thus possibly
questioning the benefits offered by the distillation process.

The empirical results presented in Table 4 concern, on
the one hand, the computational benefits of distilling P into
I when the goal is to derive sufficient reasons, and on the
other hand, a comparison of the computation times required
by the two correction approaches used (rectification and re-
training). The results show that in spite of the growth of the
size of the trees,? the distillation of P into a decision tree I is

2Notably, for each dataset, the 10 decision trees one started with
correspond to the default configuration. As reflected by the values
of columns f, N, and D in Tables 2 and 3, this choice was less
favourable than the choice of the optimized configuration in terms
of numbers of rectification step and of size and depth of the tree 1
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useful when the XAl objective that is pursued is to compute
sufficient reasons. In Table 4, ¢ is the average distillation
time (in seconds) over the 10 trees. For each tree, the dis-
tillation time includes the time required to identify instances
x that are classified differently by the current decision tree
I and by P, the time required to compute an abductive ex-
planation ¢ for each such x given P, and the time needed
to rectify the current I by the classification rule correspond-
ing to ¢ (see Proposition 3).> ¢; and ¢p are respectively the
mean computation times (in seconds) achieved by the algo-
rithms for computing a sufficient reason over the set of in-
stances (only instances for which the computation of a suf-
ficient reason terminated in due time have been considered
when evaluating the average). to; is the mean number of
timeouts for the 10 trees and top is the number of timeouts
reached by the algorithms for computing a sufficient rea-
son over the 100 instances. The improvement ratio o« = tt—f
measures how many times faster is, on average, the com-
putation of a sufficient reason when based on I instead of
P, while g = [t}fifh], referred to as the break-even point,
indicates (when positive) the number of explanation queries
from which the compilation effort is compensated.

As Table 4 points it out, significant computational bene-
fits about the derivation of sufficient reasons can be achieved
by distilling P into I. On the one hand, no timeouts have
been observed when the computation of sufficient reasons
was based on I, whatever the dataset and the decision tree
at start: for each instance, a sufficient reason has been com-
puted in less than 180 seconds. In contrast, the number of
timeouts reached when sufficient reasons were derived from
P varies with the dataset and can be very significant (ex-
ceeding 50% of the instances tested for the datasets bank
and contraceptive). On the other hand, the improve-
ment ratio o was huge (more than two orders of magnitude
for every dataset). The break-even point 5 = 1 was equal
to its least possible value when o > 1 whatever the dataset.
This means that the distillation of P into [ is valuable even
when the computation of a sufficient reason is required for a
single instance. For more details, we refer the reader to the
supplementary material (Audemard et al. 2025). Of course,
it must be kept in mind that the decision tree I obtained af-
ter f rectification steps is not equivalent to P in general (it
is only equivalent to P on 7"), which limits the scope of the
comparison. However, this is consistent with our objective
(see Section 4), since our goal is not to fully distill P into
a decision tree: in our approach, the distillation process is
achieved incrementally, in a lazy and opportunistic fashion.

The proposed rectification-based approach to distillation
thus appears as practical enough, despite the growth of the
decision tree.

Table 4 also gives the cumulative average times (in sec-
onds) required by the successive correction operations up to
the final rectification step f. d,.. and d,..; represent respec-
tively the cumulative times for rectification and retraining
in the default case, while 0,.. and o,.; represent respec-

obtained once all the rectifications have been achieved.
3 Accordingly, it can be observed that t¢ is larger than the aver-
age cumulated rectification time d,.. pointed out in Table 4.
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Dataset to tor tr top tp o Bl dree dret  Orec Opet
bank 39.74 0 0.62 54 102.25 164.91 1| 13.22 7978.16 4.18 3141.64
biodegradation 22.84 0 0.55 20 87.95 156.27 1| 8.01 367.46 3.59 196.69
australian 312 0 0.02 0 202110105 1| 0.65 80.67 0.047 44.69
bupa 025 0 0001 0 150 1500 1|0.007 4.29 0.003 2.78
german 061 0 0012 0 8.0266833 1]0.048 29.59 0.008 8.87
contraceptive 4.84 0 0.02 8 71.68 3634 1| 1.37 860.04 0.09 132.35
cleveland 056 0 0005 0 524 1048 1|0.007 9.44 0.002 6.73
compas 495 0 0007 0 2331 3330 1| 0.09 142.01 0.012 35.65
cnae 0.019 00.0003 0 0.05166.66 1|1.2¢-3 0.54 5.5¢-4 0.19
breast-tumor 0.79 0 0.004 19 7826 19565 1| 0.03 2.74 0.03 2.46
balance Owvs_.1 019 0 0001 0 095 950 1(8.8e-3 1.06 1.6e-3 0.34
balance Owvs_2 0.07 00.0009 0 0.20 22222 1(4.2¢-3 0.29 4.7¢-3 0.59
balance_lwvs_2 013 0 0001 0 030 300 1|5.5e3 2.46 8.3e-3 1.04

Table 4: Evaluation of the computational benefits of dis-
tilling P into I in the objective of deriving sufficient rea-
sons (compilation time ¢, numbers of timeout top and toy,
mean computation times tp and ¢;, improvement ratio «,
and break-even point /) and comparison of the computation
times required by each of the two methods (rectification and
retraining), when both the default case and the optimized
case are considered.

tively the cumulative times for rectification and retraining in
the optimized case. The results show that the computation
times required to achieve the rectification process are small
enough (and often two orders of magnitude smaller than the
corresponding times when retraining is used).

6 Other Related Work

In ML, a number of approaches have been designed so far
to tackle the problem of explaining tree ensemble models to
mitigate the trust risks associated with their lack of trans-
parency, see e.g., (Friedman and Popescu 2008; Deng 2018;
Obregon and Jung 2023). Most of the time, (possibly
overlapping) sets of classification rules (i.e., decision sets)
are targeted (in some approaches (Sagi and Rokach 2021;
Sagi and Rokach 2020), those sets of rules are finally com-
bined into decision trees). In decision sets, rule conflicts or
incomplete coverage are practically handled using heuris-
tics (e.g., ordering rules into a decision list, or adding a
default rule), leading to models that can be visually sim-
pler and more compact than decision trees. However, de-
cision sets lack computational intelligibility: answering for-
mal XAI queries from them is generally intractable.

Conversely, a decision tree intrinsically guarantees that
rules are mutually exclusive and collectively exhaustive.
While this strict structural property can lead to larger vi-
sual models, it is precisely this property that makes many
XAI queries (e.g., deriving subset-minimal abductive ex-
planations or testing verification queries) computationally
tractable in polynomial time, whereas they are NP-hard for
decision sets (and even, more specifically, for CNF or DNF
classifiers) (Audemard et al. 2021).

Additionally, it is important to distinguish our logic-
based approach from statistical approximation techniques
like those furnished in the imodels package (https://github.
com/csinva/imodels) (Singh et al. 2021). Methods in imod-
els train a surrogate rule-based model to globally mimic a
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black box, but offer no formal guarantees that the surrogate
will perfectly match the black box on specific instances.

Alternatively, (Li et al. 2025) shows how to turn tree
ensembles into decision trees without considering sets of
rules. The resulting trees approximate the tree ensembles
considered as input. Experiments have shown that the ap-
proximation achieved can be of good quality, but, as men-
tioned by the authors, the scalability of the approach to high-
dimensional datasets remains a challenge.

Closer to our approach is the “Born-Again Tree Ensem-
bles (BATE)” approach presented in (Vidal and Schiffer
2020), and more specifically, the heuristic approach reported
in this paper. This heuristic approach aims to compute a
decision tree that is equivalent to a given weighted ran-
dom forest, thus offering the very same guarantees as our
own approach. Beyond the fact that the inputs considered
in the two approaches are not identical (weighted random
forests vs. boosted trees), the methods at work to generate
decision trees (dynamic programming vs. successive rec-
tifications) in the two approaches are completely different.
Furthermore, no data preprocessing is required in our ap-
proach (while, in BATE, continuous features are binned into
10 ordinal scales). Another significant difference is that our
approach is lazy and opportunistic (which is not the case
of BATE). This difference may explain the large discrep-
ancy we observed empirically between the two approaches
in terms of scalability. Indeed, we ran heuristic BATE (see
https://github.com/vidalt/BA-Trees) on our datasets for ran-
dom forests with a reduced number of trees (10 trees) of
limited depth and parameter -obj set to 4, considering a time-
out of 4 hours. heuristic BATE succeeded in computing in
due time a decision tree equivalent to the input random for-
est only for two datasets (contraceptive - the resulting
tree contains 281 752 nodes and it has been computed in
174 seconds - and compas - the resulting tree contains 7
806 968 nodes and it has been computed in 2248 seconds).
A timeout occurred for all the remaining datasets. We also
tried to increase the number of trees and/or the tree depth
in order to increase the predictive performance of the forest
one started with but under such conditions, heuristic BATE
failed to return a decision tree within 4 hours.

In other approaches to the distillation of tree ensembles
into decision trees (see e.g., (Breiman and Shang 1996)
(Zhou, Zhou, and Hooker 2023)), the transformation of the
input tree ensemble relies on an improved learning step: the
black box classifier P is simply used as an oracle for gen-
erating new instances in order to complete the training set
used to learn 1. No instances are removed from the train-
ing set. Thus, a decision tree I is built up once for all (no
correction of it is to be done once it has been derived). The
issues to be considered for computing I are the generation
of new instances (connected to the splitting rule used), the
stopping rule (deciding when the splitting process must be
stopped), and the pruning rule. A common principle guid-
ing the generation of new instances (“manufacturing data”
(Breiman and Shang 1996)) is to ensure to have sufficiently
many instances at each decision node to decide when to split
and how to split. Those additional instances are useful to sta-
bilize the greedy splitting strategy that is leveraged to con-
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struct the decision tree I, thereby improving its accuracy
(Zhou, Zhou, and Hooker 2023). In order to satisfy those
conditions, the number of extra instances to be generated is
typically huge, leading to high learning times. Despite it,
there is in general no guarantee that the predictive perfor-
mance of [ is close to the one of P.

In contrast to all the approaches mentioned above to dis-
tilling a tree ensemble into a decision tree, our approach is
correction-guided. Rectification is leveraged to correct the
current decision tree in an opportunistic way. No new in-
stance is to be generated but only one explanation for each
instance x that triggers a correction. Furthermore, a key
feature of rectification is that it offers logical guarantees:
it ensures that the corrections that are targeted are effec-
tive, which is not the case of distillation approaches based
on a completion of the training set and/or on (re)training.
Especially, the trees resulting from such tree distillation ap-
proaches are not guaranteed to be equivalent to the black box
considered at start, while this is ensured by our approach “in
the limit”, i.e., provided that all instances to be corrected are
rectified at some step.

7 Conclusion

We have presented and evaluated a new approach for distill-
ing a boosted tree P into a decision tree I. Our approach is
based on the rectification operation that provides guarantees
that the corrections that are requested are effective. In con-
trast to a distillation approach that would boil down to trans-
lating P into I as a whole, our approach is lazy and oppor-
tunistic: [ is corrected only when an instance & encountered
at inference time is such that I(x) # P(x). This makes it
possible to control the size of the resulting (rectified) deci-
sion tree I, therefore enabling one to stop the rectification
process as soon as desired. Experiments have shown that
our approach to distillation may provide interesting results
compared to previous approaches, especially distillation by
retraining, completion of the training set or using the heuris-
tic BATE approach.

Interestingly, algorithms for minimizing decision trees
could be considered within the proposed approach. Basi-
cally, the idea would be to interleave minimization steps
with correction steps so as to increase the number of cor-
rection steps that could be handled while ensuring that the
size of the resulting decision tree remains “small enough”.
However, since the minimization problem for decision trees
is NP-hard and even hard to approximate up to any con-
stant factor (Sieling 2008), taking advantage of minimiza-
tion steps could have a significant impact on the overall rec-
tification time.

Many additional avenues for future research can be en-
visioned. One promising direction is the definition of a
stopping criterion for the distillation process. In particular,
monitoring the marginal improvement in agreement relative
to the increase in tree size could help identify an optimal
trade-off, thereby providing practical guidance to users on
whether continuing the distillation process is worthwhile.
Future work will also investigate the method’s sensitivity to
initial conditions, the impact of the correction order, and its
scalability when applied to large-scale datasets.
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