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Abstract. Understanding the decision-making process of a ma-
chine/deep learning model is crucial, particularly in security-sensitive
applications. In this study, we introduce a neural network framework
that combines the global and exact interpretability properties of rule-
based models with the high performance of deep neural networks.

Our proposed framework, called Truth Table rules (TT-rules), is
built upon Truth Table nets (TTnets), a family of deep neural net-
works initially developed for formal verification. By extracting the
set of necessary and sufficient rules R from the trained TTnet model
(global interpretability), yielding the same output as the TTnet (exact
interpretability), TT-rules effectively transforms the neural network
into a rule-based model. This rule-based model supports binary clas-
sification, multi-label classification, and regression tasks for tabular
datasets. Furthermore, our TT-rules framework optimizes the rule set
R into Ropt by reducing the number and size of the rules. To enhance
model interpretation, we leverage Reduced Ordered Binary Decision
Diagrams (ROBDDs) to visualize these rules effectively.

After outlining the framework, we evaluate the performance of TT-
rules on seven tabular datasets from finance, healthcare, and justice
domains. We also compare the TT-rules framework to state-of-the-art
rule-based methods. Our results demonstrate that TT-rules achieves
equal or higher performance compared to other interpretable methods
while maintaining a balance between performance and complexity.
Notably, TT-rules presents the first accurate rule-based model capable
of fitting large tabular datasets, including two real-life DNA datasets
with over 20K features. Finally, we extensively investigate a rule-
based model derived from TT-rules using the Adult dataset.

1 Introduction

Deep Neural Networks (DNNs) have been widely and successfully
employed in various machine learning tasks, but concerns regarding
their security and trustworthiness persist. One of the primary issues
associated with DNNs, as well as ensemble ML models in general, is
their lack of explainability and the challenge of incorporating human
knowledge into them due to their inherent complexity [37, 38]. There-
fore, there is a significant research focus on achieving global and
exact interpretability for these systems, especially in safety-critical
applications [4, 19].

In contrast, rule-based models [22], including tree-based mod-
els [10], are specifically designed to offer global and exact expla-
nations, providing insights into the decision-making process that
yields the same output as the model. However, they generally exhibit
lower performance compared to other models like DNNs or ensemble
ML model [27]. Additionally, they encounter scalability issues when
dealing with large datasets and lack flexibility in addressing various
types of tasks, often limited to binary classification [13].

To the best of our knowledge, there is currently no family of DNNs
that possesses both global and exact interpretability akin to rule-based
models, while also demonstrating scalability on real-life datasets
without the need for an explainer. This limitation is significant since
explainer methods often provide only local, inexact, and potentially
misleading explanations [37, 38, 40].

Our approach. This paper introduces a novel neural network
framework that effectively combines the interpretability of rule-based
models with the high performance of DNNs. Our framework, called
TT-rules, builds upon the advancements made by Benamira et al. [9]
and Agarwal et al. [3]. The latter proposed a neural network archi-
tecture that achieves interpretability by utilizing several DNNs, each
processing a single continuous input feature, and a linear layer for
merging them. The effectiveness of aggregating local features on
image datasets to achieve high accuracy has been demonstrated by
Brendel et al. [14]. Similarly, Agarwal et al. [3] showed that aggre-
gating local features on tabular datasets can also yield high accuracy.
Furthermore, Benamira et al. [9] introduced a new Convolutional
Neural Network (CNN) filter function called the Learning Truth Table
(LTT) block. The LTT block has the unique property of its com-
plete distribution being computable in constant and practical time,
regardless of the architecture. This allows the transformation of the
LTT block from weights into an exact mathematical Boolean for-
mula. Since an LTT block is equivalent to a CNN filter, the entire
neural network model, known as Truth Table Net (TTnet), can itself
be represented as a Boolean formula.

To summarize, while Agarwal et al. [3] focused on continuous in-
puts, and Benamira et al. [9] focused on discrete inputs, our approach
leverages the strengths of both works to achieve high accuracy while
maintaining global and exact interpretability.

Our contributions. To optimize the rule set R, our TT-rules frame-
work employs two post-training steps. Firstly, we automatically in-
tegrate “Don’t Care Terms” (DCT ), utilizing human logic, into the
truth tables. This reduces the size of each rule in the set R. Secondly,
we introduce and analyze an inter-rule correlation score to decrease
the number of rules in R. These optimizations, specific to the TT-rules
framework, automatically and efficiently transform the set R into an
optimized set Ropt in constant time. We also quantify the trade-offs
among performance, the number of rules, and their sizes. At this stage,
we obtain a rule-based model from the trained DNN TTnet, which
can be used for prediction by adding up the rules in Ropt according
to the binary or floating linear layer. To enhance the interpretability of
the model, we convert all rule equations into Reduced Ordered Binary
Decision Diagrams.
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Our claims. A) The TT-rules framework demonstrates versatility
and effectiveness across various tasks, including binary classification,
multi-classification, and regression. A-1) Our experiments encom-
passed five machine learning datasets: Diabetes [21] in healthcare,
Adult [21], HELOC [1], and California Housing [32] in finance, and
Compas [7] in the justice domain. The results clearly indicate that the
TT-rules framework surpasses most interpretable models in terms of
Area Under Curve/Root Mean Square Error (AUC/RMSE), including
linear/logistic regression, decision trees, generalized linearized mod-
els, and neural additive models. A-2) On two datasets, the TT-rules
framework performs comparably to XGBoost and DNN models. A-3)
We conducted a comparative analysis of the performance-complexity
tradeoff between our proposed TT-rules framework and other state-of-
the-art rule-based models, such as generalized linearized models [44],
RIPPER [17, 18], decision trees (DT)[33], and ORS[45], specifically
focusing on binary classification tasks. Our findings demonstrate that
the TT-rules framework outperforms all the aforementioned mod-
els, except for the generalized linearized models, in terms of the
performance-complexity tradeoff.

B) Scalability is a key strength of our model, enabling it to han-
dle large datasets with tens of thousands of features, such as DNA
datasets [41, 34, 31], which consist of over 20K features. Our model
not only scales efficiently but also performs feature reduction, com-
pressing the initial 20K features of the first DNA datasets [41, 34]
into 1K rules, and reducing the 23K features of the second DNA
dataset [31] into 9K rules.

C) A distinctive feature of our framework lies in its inherent global
and exact interpretability. C-1) To showcase its effectiveness, we
provide a concrete use case with the Adult dataset and thoroughly
investigate its interpretability. C-2) We explore the potential for incor-
porating human knowledge into our framework. C-3) Additionally, we
highlight how experts can leverage the rules to detect concept shifts,
further emphasizing the interpretability aspect of our framework.

Outline. This paper is structured as follows. Section 2 presents a
comprehensive literature review on rule-based models. In Section 3,
we establish the notations and fundamental concepts that will be uti-
lized throughout the paper. Section 4 offers a detailed analysis of the
TT-rules framework, exploring its intricacies and functionalities. In
Section 5, we present the experimental results obtained and compare
them with the current state-of-the-art approaches. Additionally, we
showcase the scalability of our framework and illustrate its applicabil-
ity through a compelling case study. The limitations of the proposed
approach are discussed in Section 6, followed by the concluding
remarks in Section 7.

2 Related work

2.1 Classical rule-based models

Rule-based models are widely used for interpretable classification
and regression tasks. This class encompasses various models such as
decision trees [10], rule lists [39, 6, 20], linear models, and rule sets
[28, 17, 18, 35, 44]. Rule sets, in particular, offer high interpretability
due to their straightforward inference process [28]. However, tradi-
tional rule sets face limitations when applied to large tabular datasets,
binary classification tasks, and capturing complex feature relation-
ships. These limitations result in reduced accuracy and limited practi-
cality in real-world scenarios [45, 43]. To overcome these challenges,
we leverage the recent work of Benamira et al. [9], who proposed an
architecture specifically designed to be encoded into CNF formulas

[11]. This approach has demonstrated scalability on large datasets
like ImageNet and can be extended to multi-label classification tasks.
In this study, our objective is to extend Benamira’s approach to han-
dle binary and multi-class classification tasks, as well as regression
tasks, across a wide range of tabular datasets ranging from 17 to 20K
features.

2.2 DNN-based rule models

There have been limited investigations into the connection between
DNNs and rule-based models. Two notable works in this area are DNF-
net [2] and RRL [43]. DNF-net focuses on the activation function but
lacks available code, while RRL specifically addresses classification
tasks. Although RRL achieved high accuracy on the Adult dataset, its
interpretability raises concerns due to its complex nature, involving
millions of terms, and its training process that is time-consuming [43].
Neural Additive Models (NAMs) [3] represent another type of neural
network architecture that combines the flexibility of DNNs with the
interpretability of additive models. While NAMs have demonstrated
superior performance compared to traditional interpretable models,
they do not strictly adhere to the rule-based model paradigm and
can pose challenges in interpretation, especially when dealing with
a large number of features. In this paper, we conduct a comparative
analysis to evaluate the performance and interpretability of our TT-
rules framework in comparison to NAMs [3].

3 Background

3.1 Rule-based models

3.1.1 Rules format : DNF and ROBDD

Rule-based models are a popular method for generating decision
predicates expressed in DNF. For instance, in the Adult dataset [21],
a rule for determining whether an individual would earn more than
50K$/year might look like:

((Age > 34) ∧ Maried) ∨ (Male ∧ (Capital Loss < 1k/year))

Although a rule is initially expressed in DNF format, a decision tree
format is often preferred. To achieve this, the DNF is transformed into
its equivalent Reduced Ordered Binary Decision Diagram (ROBDD)
graph: a directed acyclic graph used to represent a Boolean function
[29, 5, 15, 8].

3.1.2 Infer a set of rule-based model

In a binary classification problem, we are presented with a set of rules
R and a corresponding set of weights W . These rules and weights
can be separated into two distinct sets, namely R+ and W+ for class
1, and R− and W− for class 0. Given an input I , we can define the
rule-based model as follows:

Classifier(I,R) =

{
1 if S+(I)− S−(I) > 0
0 otherwise.

Here, S+(I) and S−(I) denote the scores for class 1 and class 0,
respectively. These scores are calculated using the following equa-
tions:

{
S+(I) =

∑
(r+,w+)∈(R+,W+) w+ × �r+(I) is True

S−(I) =
∑

(r−,w−)∈(R−,W−) w− × �r−(I) is True
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where �r(I) is True represents the binary indicator that is equal to 1 if
the input I satisfies the rule r, and 0 otherwise. This rule-based model
can be easily extended to multi-class classification and regression
tasks.

3.1.3 Comparing rule-based models

When comparing rule-based models, it is common to evaluate their
quality based on three main criteria. The first is their performance,
which can be measured using metrics such as AUC, accuracy, or
RMSE. The second criterion is the number of rules used in the model.
Finally, the overall complexity of the model is also taken into account,
which is given as the sum of the size of each rule, for all rules in the
model [22].

3.2 Truth Table net (TTnet)

The paper [9] proposed a new CNN filter function called Learning
Truth Table (LTT) block for which one can compute the complete
distribution in practical and constant time, regardless of the network
architecture. Then, this LTT block is inserted inside a DNN as CNN
filters are integrated into deep convolutional neural networks.

3.2.1 Overall LTT design

An LTT block must meet two essential criteria:

• (A) The LTT block distribution must be entirely computable in
practical and constant time, regardless of the complexity of the
DNN.

• (B) Once LTT blocks are assembled into a layer and layers into a
DNN, the latter DNN should be scalable, especially on large-scale
datasets such as ImageNet.

To meet these criteria, Benamira et al. [9] proposed the following
LTT design rules:

1. Reduce the input size of the CNN filter to n ≤ 9.
2. Use binary inputs and outputs.
3. Ensure that the LTT block function uses a nonlinear function.

As a result, each filter in our architecture becomes a truth table with
a maximum input size of 9 bits.

Notations. We denote the f th 1D-LTT of a layer with input size
n, stride s, and no padding as Φf . Let the input feature with a single
input channel chninput = 1 be represented as (v0 . . . vL−1), where
L is the length of the input feature. We define yi,f as the output of the
function Φf at position i:

yi,f = Φf (vi×s, vi×s+1, . . . , vi×s+(n−1))

Following the aforementioned rules (1) and (2), yi,f and
(vi×s, vi×s+1, . . . , vi×s+(n−1)) are binary values, and n ≤ 9. As
a result, we can express the 1D-LTT function Φf as a truth table by
enumerating all 2n possible input combinations. The truth table can
then be converted into an optimal (in terms of literals) DNF formula
using the Quine–McCluskey algorithm [12] for interpretation.

Example 1: From LTT weights to truth table and DNF. In
this example, we consider a pre-trained 1D-LTT Φf with input size
n = 4, a stride of size 1, and no padding. The architecture of Φf

is given in Figure 1b composed of two CNN filter layers: the first
one has parameters W1 with (input channel, output channel, kernel
size, stride) = (1, 4, 3, 1), while the second W2 with (4, 1, 2, 1). The
inputs and outputs of Φf are binary, and we denote the inputs as [x0,
x1, x2, x3]. To compute the complete distribution of Φf , we generate
all 24 = 16 possible input/output pairs, as shown in Figure 1a, and
obtain the truth table in Table 1. This truth table fully characterizes
the behavior of Φf . We then transform the truth table into a DNF
using the Quine-McCluskey algorithm [12]. This algorithm provides
an optimal (in terms of literals) DNF formula that represents the truth
table. The resulting DNF formula for Φf can be used to compute the
output of Φf for any input. Overall, this example demonstrates the
applicability of LTT design rules in the construction of DNNs, as it
meets both criteria of LTT blocks being computable in constant time
and DNN scalability on large datasets.

3.2.2 Overall TTnet design

We integrated LTT blocks into the neural network, just as CNN filters
are integrated into a deep convolutional neural network: each LTT
layer is composed of multiple LTT blocks and there are multiple LTT
layers in total. Additionally, there is a pre-processing layer and a final
layer. These two layers provide flexibility in adapting to different
applications: scalability, formal verification, and logic circuit design.

4 Truth Table Rules (TT-rules)

The Truth Table rules framework consists of three essential compo-
nents. The first step involves extracting the precise set of rules R once
the TTnet has been trained. Next, we optimize R by reducing the
rule’s size through Don’t Care Terms (DCT) injection. At this point,
R is equivalent to the Neural Netwok model: inferring with R is the
same as inferring with the model. Last, we minimize the number of
rules using the Truth Table correlation metric. Both techniques serve
to enhance the model’s complexity while minimizing any potential
loss of accuracy.

4.1 From LTT block to set of rules R
General. We now introduce a method to convert Φf from the gen-

eral DNF form into rule set R. In the previous section, we described
the general procedure for transforming an LTT block into a DNF logic
gate expression. This expression is independent of the spatial position
of the feature. This means that we have:

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

y0,f = Φf (v0, v1, . . . , v(n−1)))
...
yi,f = Φf (vi×s, vi×s+1, . . . , vi×s+(n−1)))
...
y�L−n

s
�,f = Φf (vL−n, vL−n+1, . . . , vL−1))

When we apply the LTT DNF expression to a specific spatial
position on the input, we convert the DNF into a rule. To convert
the general DNF form into a set of rules R, we divide the input into
patches and substitute the DNF literals with the corresponding feature
names. The number of rules for one filter corresponds to the number
of patches: �L−n

s
�. An example of this process is given in Table 1

and one is provided below.
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(a) LTT filter Φf computation and transformation into a truth table. Φf is
characterized by weights ω1 with parameters (input channel, output channel,
kernel size, stride) = (1, 4, 3, 1), and ω2 = (4, 1, 2, 1). Φf input bit-size is
4 (i.e., brown box) since the output feature (i.e., green box) requires 4 input
entries (i.e., blue & red hashed boxed).
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(b) LTT overview in one dimension. The intermedi-
ate values and the weights (ω1, ω2) are real and the
input/output values are binary. binact: Heaviside
step function defined as binact(x) =
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+ sgn(x)

2
with x ∈ R.

Figure 1: A Learning Truth Table (LTT) filter example in one dimension.

Table 1: Truth Table of the LTT block Φf characterized by the weights
W1 and W2 with L = 5 and binary input feature names [Is the Sex
Male? (Male), Did the person go to University? (Go Uni.), Is the
person married? (Married), Is the person born in the US? (Born US),
Is the person born in the UK? (Born UK)].

x0 x1 x2 x3 Φf

0 0 0 0 0
0 0 0 1 1
0 0 1 0 0
0 0 1 1 0
0 1 0 0 0
0 1 0 1 0
0 1 1 0 0
0 1 1 1 0
1 0 0 0 0
1 0 0 1 0
1 0 1 0 0
1 0 1 1 0
1 1 0 0 0
1 1 0 1 0
1 1 1 0 0
1 1 1 1 0

W1 =

⎛
⎜⎜⎝
10 −1 3
6 −5 4
4 4 −3
4 4 3

⎞
⎟⎟⎠

W2 =

(−5 0 9 −5
−5 4 0 0

)

Φf expression in DNF
x3 ∧ x0 ∧ x1 ∧ x2

Input space
[Male, Go Uni., Married, Born US, Born UK]

RuleDNF
0

Born US ∧ Male ∧ Go Uni. ∧ Married
RuleDNF

1

Born UK ∧ Go Uni. ∧ Married ∧ Born US

RuleDNF
1,reduced

Born UK ∧ Go Uni. ∧ Married

Example 2: conversion of DNF expressions to rules. We estab-
lished the Φf expression in DNF form as x3 ∧ x0 ∧ x1 ∧ x2. To
obtain the rules, we need to consider the padding and the stride of the
LTT block. Consider the following 5-feature binary input (L = 5):
[Male, Go Uni., Married, Born in US, Born in UK]. In our case, with a
stride at 1 and no padding, we get 2 patches: [Male, Go Uni., Married,
Born US] and [Go Uni., Married, Born US, Born UK]. After the
substitution of the literal by the corresponding feature, we get 2 rules
R = {RuleDNF

0 ,RuleDNF
1 }:

{
RuleDNF

0,f = Born US ∧ Male ∧ Go Uni. ∧ Married
RuleDNF

1,f = Born UK ∧ Go Uni. ∧ Married ∧ Born US

and therefore, the output of the LTT block Φf becomes:
{

y0,f = RuleDNF
0,f (v0, v1, v2, v3)

y1,f = RuleDNF
1,f (v1, v2, v3, v4)

We underline the logic redundancy in RuleDNF
1 : if someone is born

in the UK, he/she is necessarily not born in the US. We solve this
issue by injecting Don’t Care Terms (DCT ) into the truth table as we
will see in the next section.

4.2 Automatic post-training optimizations: from R to
Ropt

In this subsection, we present automatic post-training optimizations
that are unique to our model and require the complete computation of
the LTT truth table.

4.2.1 Reducing the rule’s size with Don’t Care Terms
(DCT ) injection

We propose a method for reducing the size of rules by injecting
Don’t Care Terms (DCT ) into the truth table. These terms represent
situations where the LTT block output can be either 0 or 1 for a
specific input, without affecting the overall performance of the DNN.
We use the Quine-McCluskey algorithm to assign the optimal value
to the DCT and reduce the DNF equations. These DCT can be
incorporated into the model either with background knowledge or
automatically with the one hot encodings and the Dual Step Function
described in the TTnet paper [9].

To illustrate this method, we use Example 2 where we apply hu-
man common sense and reasoning to inject DCT into the truth table.
For instance, since no one can be born in both the UK and the US
at the same time, the literals x2 and x3 must not be 1 at the same
time for the second rule. By injecting DCT into the truth table as
[0, 0, 1, DCT, 0, 0, 0, DCT, 0, 0, 0, DCT, 0, 0, 0, DCT ], we obtain
the new reduced rule: RuleDNF

1,reduced = Born UK∧Go Uni.∧Married.
This method significantly decreases the size of the rules while main-
taining the same accuracy, as demonstrated in Table 4 in Section 5.

4.2.2 Reducing the number of rules with Truth Table
Correlation metric

To reduce the number of rules obtained with the TT-rules framework,
we introduce a new metric called Truth Table Correlation (TTC).
This metric addresses the issue of rule redundancy by measuring
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Table 2: Comparison machine learning dataset of our method to Linear/Logistic Regression) [33], Decision Trees (DT) [33], GL [44], NAM [3],
XGBoost [16] and DNNs. Results are obtained with a large TT-rules model, without optiizations. Means and standard deviations are reported
from 5-fold cross validation.

Regression (RMSE) Binary classification (AUC) Multi-classification (Accuracy)

California Housing Compas Adult HELOC Diabetes
continous/binary # 8/144 features 9/17 features 14/100 features 24/330 features 43/296 features

Linear/ log 0.728 ± 0.015 0.721 ± 0.010 0.883 ± 0.002 0.798 ± 0.013 0.581 ± 0.002
DT 0.514 ± 0.017 0.731 ± 0.020 0.872 ± 0.002 0.771 ± 0.012 0.572 ± 0.002
GL 0.425 ± 0.015 0.735 ± 0.013 0.904 ± 0.001 0.803 ± 0.001 NA
NAM 0.562 ± 0.007 0.739 ± 0.010 - - -
TT-rules (Ours) 0.394 ± 0.017 0.742 ± 0.007 0.906 ± 0.005 0.800 ± 0.001 0.584 ± 0.003
XGBoost 0.532 ± 0.014 0.736 ± 0.001 0.913 ± 0.002 0.802 ± 0.001 0.591 ± 0.001
DNNs 0.492 ± 0.009 0.732 ± 0.004 0.902 ± 0.002 0.800 ± 0.010 0.603 ± 0.004

the correlation between two different LTT blocks, which may learn
similar rules since they are completely decoupled from each other.
The idea is to identify and remove redundant rules and keep only the
most relevant ones.

The TTC metric is defined as follows:

TTC(y1, y2) =

{
HW (y1,y2)

|y1| − 1 if abs(HW (y1,y2)
|y1| − 1) > HW (y1,y2)

|y1|
HW (y1,y2)

|y1| otherwise.

Here, y1 and y2 are the outputs of the LTT blocks, y2 is the negation
of y2, |y1| represents the number of elements in y1, and HW is the
Hamming distance function. The Hamming distance between two
equal-length strings of symbols is the number of positions at which
the corresponding symbols are not equal. The TTC metric varies from
-1 to 1. When TTC = −1, the LTT blocks are exactly opposite, while
they are the same if TTC = 1. We systematically filter redundant
rules with a threshold correlation of ±0.9. If the correlation is positive,
we delete one of the two filters and give the same value to the second
filter. If the correlation is negative, we delete one of the two filters
and give the opposite value to the second filter. By using this metric,
we can reduce the number of rules and optimize the complexity of the
model while minimizing accuracy degradation.

4.3 Overall TT-rules architecture

4.3.1 Pre-processing and final layer

To maintain interpretability, we apply batch normalization and a step
function layer consisting of a single linear layer. The batch normaliza-
tion allows to learn the thresholds for the continuous features (such as
the condition YoE > 11 in Fig. 2). We propose two types of training
for the final linear layer. The first uses a final sparse binary layer,
which forces all weights to be binary and sparse according to a Bin-
Mask as in [26]. In order to train without much loss in performance
when using the Heaviside step function, Benamira et al. [9] adopted
the Straight-Through Estimator (STE) proposed by [25]. The second
is designed for scalability and employs floating-point weights, which
allows to extend the model to regression tasks. To reduce overfitting,
a dropout function is applied in the second case.

4.3.2 Estimating complexity before training

In our TT-rules framework, the user is unable to train a final rule-
based model with a fixed and pre-selected complexity. However, the
complexity can be estimated. The number of rules is determined by

multiplying the number of filters F by the number of patches �L−n
s

�.
The complexity of each rule is based on the size of the function
n, and on average, we can expect n2n−1 Boolean gates per rule,
before DCT injection. Therefore, the overall complexity is given by
n× 2n−1 × �L−n

s
� × F .

4.3.3 Training and extraction time

Training. Compared to other rule-based models, our architecture
scales well in terms of training time. The machine learning tabular
dataset can be trained in 1-5 minutes for 5-fold cross-validation. For
large DNA tabular datasets, our model can be trained in 45 minutes
for 5-fold cross-validation, which is not possible with other rule-based
models such as GL and RIPPER.

Extraction time for Ropt. Our model is capable of extracting
optimized rules at a fast pace. Each truth table can be computed in 2n

operations, where n ≤ 9 is in terms of complexity. In terms of time,
our model takes 7 to 17 seconds for Adult [21], 7 to 22 seconds for
Compas [7], and 20 to 70 seconds for Diabetes [21].

5 Results

In this section, we present the results of applying the TT-rules frame-
work to seven datasets, which allow us to demonstrate the effective-
ness of our approach and provide evidence for the three claims stated
in the introduction.

5.1 Experimental set-up

Evaluation measures and training conditions. We used RMSE,
AUC, and accuracy for the evaluation of the regression, binary clas-
sification, and multi-class classification respectively. Rules and com-
plexity are defined in Section 3.1.3. All results are presented after grid
search and 5-fold cross-validation. All the training features are de-
tailed in the supplementary Section. We compare the performance of
our method with that of several other algorithms, including Linear/L-
ogistic Regression [33], Decision Trees (DT)[33], Generalized Linear
Models (GL)[44], Neural Additive Models (NAM)[3], XGBoost[16],
and Deep Neural Networks (DNNs) [33]. The supplementary materi-
als provide details on the training conditions used for these competing
methods. Experiments are available on demand. Our workstation con-
sists of eight cores Intel(R) Core(TM) i7-8650U CPU clocked at 1.90
GHz, 16 GB RAM.
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Table 3: Accuracy and complexity on the Compas, Adult and HELOC datasets for different methods. All the TT-rules are computed with our
automatic post-training optimizations as described in Section 4.2. TT-rules big refers to a TTnet trained with a final linear regression with
weights as floating points, whereas TT-rules small refers to a TTnet trained with a sparse binary linear regression.

Compas Adult HELOC

Accuracy Rules Complexity Accuracy Rules Complexity Accuracy Rules Complexity

GL 0.685 ± 0.012 16 ± 2 20 ± 6 0.852 ± 0.001 16 ± 1 23 ± 1 0.732 ± 0.001 104 ± 5 104 ± 5
RIPPER 0.560 ± 0.006 12 ± 2 576 ± 48 0.833 ± 0.009 43 ± 15 14154 ± 4937 0.691 ± 0.019 17 ± 4 792 ± 186
DT 0.673 ± 0.015 78 ± 1 12090 ± 155 0.837 ± 0.004 398 ± 5 316410 ± 3975 0.709 ± 0.011 70 ± 1 9522 ± 136
ORS 0.670 ± 0.015 11 ± 1 460 ± 42 0.844 ± 0.006 9 ± 3 747 ± 249 0.704 ± 0.012 16 ± 6 1888 ± 708
TT-rules big (Ours) 0.687 ± 0.005 42 ± 3 4893 ± 350 0.851 ± 0.003 288 ± 12 22896 ± 954 0.733 ± 0.010 807 ± 30 103763 ± 3857
TT-rules small (Ours) 0.664 ± 0.013 13 ± 2 155 ± 22 0.842 ± 0.003 130 ± 10 673 ± 145 0.727 ± 0.010 82 ± 30 574 ± 210

Machine learning datasets. We utilized a variety of healthcare
and non-healthcare datasets for our study. For multi-classification, we
used the Diabetes 130 US-Hospitals dataset1 from the UCI Machine
Learning Repository [21]. For binary classification tasks, we used two
single-cell RNA-seq analysis datasets, one for head and neck cancer2

[34] and another for melanoma 3[41], as well as the TCGA lung cancer
dataset4 [31] for regression. For binary classification tasks, we used
the Adult dataset5 from the UCI Machine Learning Repository [21],
the Compas dataset6 introduced by ProPublica [7], and the HELOC
dataset [1]. We also employed the California Housing dataset7 [32]
for the regression task. Supplementary details regarding each of the
datasets can be found in the supplementary Section materials.

DNA datasets. Our TT-rules framework’s scalability is demon-
strated using two DNA datasets, namely the single-cell RNA-seq anal-
ysis datasets for head neck, and melanoma cancer [34, 41] for binary
classification and the TCGA lung cancer[31] for regression. These
datasets contain 23689 and 20530 features, respectively, and are com-
monly used in real-life machine learning applications [30, 24, 36, 42].

5.2 Performances comparison - Claim A)
5.2.1 AUC/RMSE/Accuracy - Claim A-1) & A-2)

First, Table 2 demonstrates that our method can handle all types of
tasks, including regression, binary classification, and multi-class clas-
sification. Moreover, it outperforms most of the other interpretable
methods (decision tree, RIPPER, linear/log, NAM) in various predic-
tion tasks, except for GL [44], which performs better than our method
on the HELOC dataset. It is worth noting that GL does not support
multi-class classification. Additionally, our method shows superior
performance to more complex models such as XGBoost and DNNs on
California Housing and Compas datasets. Therefore, our method can
be considered comparable or superior to the current state-of-the-art
methods while providing global and exact interpretability, which will
be demonstrated in Section 5.4.

5.2.2 Complexity - Claim A-3)

Impact of post-training optimization. The optimizations pro-
posed in Section 4.2 succeeded to reduce the complexity of our model
as defined in Section 3.1.3 at a cost of little accuracy loss as seen in
Table 4. The complexity went down by a factor of 1.35×, 2.22×, and

1 https://bit.ly/diabetes_130_uci
2 https://bit.ly/neck_head_rna
3 https://bit.ly/melanoma_rna
4 https://bit.ly/tcga_lung_rna
5 https://bit.ly/Adult_uci
6 https://bit.ly/Compas_data
7 https://bit.ly/california_statlib

Table 4: Reduction of the complexity of some TT-rules models after
applying optimizations from Section 4.2 on Adult [21], Compas [7]
and Diabetes [21] datasets.

Models TT-rules R TT-rules Ropt

Acc. Complexity Acc. Complexity

Adult 0.846 ± 0.003 909 ± 212 0.842 ± 0.003 673 ± 145
Compas 0.664 ± 0.013 343 ± 41 0.664 ± 0.013 155 ± 22
Diabetes 0.574 ± 0.008 22K ± 2800 0.565 ± 0.009 15k ± 2225

1.47× on the Adult, Compas, and Diabetes datasets respectively. The
accuracy went down for the Adult and Diabetes datasets by 0.004 and
0.009 respectively and stayed the same for Compas.

Comparison with rule-based models. Table 3 presents a compar-
ison of various rule-based models, including ours, on the Compas,
Adult, and HELOC datasets, in terms of accuracy, number of rules,
and complexity. We note that we report accuracy and AUC for binary
classification tasks, as RIPPER and ORS do not provide probabilities.
We proposed two TT-rules models: our model for high performances,
as shown in Table 2, with floating weights, and a small model with
sparse binary weights, which is also our most compact model in terms
of the number of rules and complexity. Our proposed model outper-
forms the others in terms of accuracy on the Compas dataset and has
similar performances to GL [44] on the Adult and HELOC datasets.
Although GL provides a better tradeoff between performance and
complexity, we highlight that GL does not support multi-class clas-
sification tasks and is not scalable for larger datasets such as DNA
datasets, as shown in the next section. We also propose a small model
as an alternative to our high-performing model. Our small model
achieves accuracy that is 0.023, 0.009, and 0.006 lower than our best
model but requires only 3.2×, 2.2×, and 9.8× fewer rules on the
Compas, Adult, and HELOC datasets, respectively. We successfully
reduce the complexity of our model by 14.3×, 34×, and 180× on
these three datasets.

5.3 Scalability - Claim B)

Our TT-rules framework demonstrated excellent scalability to real-life
datasets with up to 20K features. This result is not surprising, consid-
ering the original TTnet paper [9] showed the architecture’s ability
to scale to ImageNet. Furthermore, our framework’s superiority was
demonstrated by outperforming other rule-based models that failed to
converge to such large datasets (GL [44], RIPPER [17, 18]). NAMs
were not trained as we considered investigating the 20K graphs to be
barely interpretable. Regarding performance, the TT-rules framework
achieved an impressive RMSE of 0.029 on the DNA single-cell regres-
sion problem, compared to 0.092 for linear models, 0.028 for DNNs,
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∑
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0 otherwise.

Figure 2: Our neural network model trained on Adult dataset in the form of Boolean decision trees: the output of the DNN and the output of
these decision trees are the same, reaching 83.6% accuracy. Added Features are represented in orange rectangles. By modifying existing rules
and incorporating r5, the Human Added Rule, we reach 84.6% accuracy. On the same test set, Random Forest reaches 85.1% accuracy and
Decision Tree 84.4% with depth 10. There is no contradiction to the rules: one person can not be born in both Mexico and Nicaragua. The term
YoE refers to the Years of Education and the Capital Gains (Losses) refer to the amount of capital gained (lost) over the year. Each rule ri is a
function ri : {0, 1}n �→ {−1, 0, 1}, i.e for each data sample I we associate for each rule ri a score which is in {−1, 0, 1}. The prediction of
our classifier is then as stated above.

and 0.42 for Random Forests. On the DNA multi-cross dataset, the
TT-rules framework achieved an accuracy of 83.48%, compared to
83.33% for linear models, outperforming DNNs and Random Forests
by 10.8% and 10.4%, respectively. Our approach not only scales but
also reduces the input feature set, acting as a feature selection method.
We generated a set of 1064 rules out of 20530 features for the regres-
sion problem, corresponding to a drastic reduction in complexity. For
the binary classification dataset, we generated 9472 rules, which more
then halved the input size from 23689 to 9472.

5.4 TT-rules application case study - Claim C)

In this section, we present the results of applying the TT-rules frame-
work on the Adult dataset [21], for a specific trained example on
Figure 2.

Exact and global interpretability - Claim C-1). For global and
exact interpretability, we first apply TT-rules framework to obtain R
and Ropt. Then we transform the rules in Ropt into their equivalent
ROBDD representation. This transformation is fast and automatic
and can be observed in Figure 2: the resulting decision mechanism is
small and easily understandable. In the Adult dataset, the goal is to
predict whether an individual I will earn more than $50K per year in
1994. Given an individual’s feature inputs I , the first rule of Figure 2
can be read as follows: if I has completed more than 11 years of
education, then the rule is satisfied. If not, then the rule is satisfied
if I earns more than $4,200 in investments per month or loses more
than $228. If the rule is satisfied, I earns one positive point. If I has
more positive points than negative points, the model predicts that I
will earn more than $50K per year.

Human knowledge injection - Claim C-2). Figure 2 illustrates
our model’s capability to incorporate human knowledge by allowing
the modification of existing rules. However, it is important to note
that we do not claim to achieve automatic human knowledge injec-
tion. The illustration simply highlights the possibility of manual rule
modification in our framework.

Mitigating contextual drift in DNN through global and exact

interpretability - Claim C-3). It is essential to recognize that ma-
chine learning models may not always generalize well to new data
from different geographic locations or contexts, a phenomenon known
as “contextual drift” or “concept drift” [23]. The global and exact
interpretation of DNNs is vital in this regard, as it allows for human
feedback on the model’s rules and the potential for these rules to be
influenced by contextual drift. For example, as depicted in Figure 2,
this accurate model trained on US data is highly biased towards the
US and is likely to perform poorly if applied in South America due to
rule number 3. This highlights once again the significance of having
global and exact interpretability of DNNs, as emphasized by recent
NIST Artificial Intelligence Risk Management Framework [4].

6 Limitations and future works

Although our TT-rules framework provides a good balance between
interpretability and accuracy, we observed that the generalized linear
model (GL) offers a better trade-off. Specifically, for approximately
the same performance, GL offers significantly less complexity. As
such, future work could explore ways to identify feature interactions
that work well together, similar to what GL does. Exploring automatic
rule addition as an alternative to the human-based approach used in
our work could also be a fruitful direction for future research.

Another interesting avenue is to apply TT-rules to time series tasks,
where the interpretable rules generated by our model can provide
insights into the underlying dynamics of the data. Finally, another
promising area for future work would be to propose an agnostic global
explainer for any model based on the TT-rules framework.

7 Conclusion

In conclusion, our proposed TT-rules framework provides a new and
optimized approach for achieving global and exact interpretability in
regression and classification tasks. With its ability to scale on large
datasets and its potential for feature reduction, the TT-rules framework
appears as a valuable tool towards explainable artificial intelligence.
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