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Abstract

Neural networks are capable of learning complex concepts and tasks, given

abundant training data. In real-world applications where data collection can

be difficult, integrating domain knowledge into the model can reduce the

burden on data requirements and allow human experts greater control over

model decisions. This paper focuses on incorporating conditional statements

for tabular data as classification rules, which have a simple structure and

are easy to construct. We introduce a general rule loss constraint to guide

neural network training in a model agnostic manner, and propose confidence

learning to automatically weigh the contribution of multiple candidate rules.

Experimental evaluation with three real-world datasets shows that the rule

loss can substantially increase model performance, particularly when training

data is limited.
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1. Introduction

Neural network models have demonstrated remarkable abilities in a vari-

ety of domains and applications. Given abundant training data, neural net-

work models are capable of learning complex concepts and tasks. However,

collecting data for training can be challenging, expensive or time-consuming

in real-world applications. The ability to incorporate human expert knowl-

edge in the model training process can reduce the burden on data require-

ments, as well as create a human-in-the-loop process where human experts

have greater control over the decisions made by the learned model.

In the review by von Rueden et al. [1], prior domain knowledge can be in-

corporated through additional information such as algebraic and differential

equations, logic rules, knowledge graphs, and simulation results. For exam-

ple, classical physics knowledge can be incorporated into physics-informed

neural networks by penalizing model outputs deviating from the partial dif-

ferential equations describing the dynamical system [2]. In this paper, we

focus on conditional statements for classification tasks with tabular data.

We use simple conditional sentences of the form A → B (“if A, then B”) to

explicitly capture the relationship between characteristics of the input and

the output class probability. We note that these If-Then statements are rep-

resented in formal logic systems such as propositional logic and first-order

logic. In this work, we do not delve into the more expressive syntax of formal

logic systems that include variables and quantifiers, which may be more diffi-
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cult to construct for real-world systems and more complex for model learning.

Examples of If-Then sentences in real-world applications include “if the delay

in initiating the machine component is greater than threshold τ , then it is

faulty”, and “if a patient is older, then the patient is at greater risk of heart

diseases”. Due to the simplicity in the structure of these conditional sen-

tences compared to the other forms of knowledge representation, we expect

human domain experts to more readily construct these conditional state-

ments from their prior knowledge and experience of the classification tasks.

Rules can also be extracted from trained machine learning models [3, 4].

We assume the rules to be provided, with rule extraction considered outside

the scope of this work. Rules with hard thresholding is the foundation of

decision trees, which despite their simplicity, are still popular methods for

tabular data. However, decision trees have a limited modeling capacity com-

pared to neural networks [5, 6]. Our goal is to incorporate the conditional

statements as classification rules to guide neural network training in a model

agnostic manner. Figure 1 compares the conventional workflow where data

is directly fed into neural network models for learning, versus the workflow

in this work, where domain knowledge from human experts are formulated

into conditional statements and then incorporated into the model learning

objective.

In this work, we constrained the learning of neural network parameters by

imposing a rule loss representing each conditional statement. In particular,

for a rule A → B, a penalty is applied for violating the consequent B when

the antecedent A is true. We introduce a general form of the rule loss which

encapsulates more specific forms from previous studies [7, 8]. While other
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(a) Conventional

(b) Injecting If-Then rules

Figure 1: Process of training neural network models

studies have allowed only a single rule [7, 8, 9, 10], which can be impractical

and requires manual rule selection, we propose to use confidence learning

to automatically weigh the contribution of multiple candidate rules. We

demonstrate in Section 4 the advantage of incorporating rules with three

real-world datasets, and achieved performance gains especially when training

data is limited. The results from this work reflect the potential of leveraging

simple forms of prior domain knowledge to address data shortage issues in

training neural networks.
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2. Related Work

2.1. Integrating domain knowledge

Previous studies have incorporated human expert knowledge through dif-

ferent forms of knowledge representation such as algebraic and differential

equations to model physical systems [2, 11], logic rules to reflect formal logic

dependencies between variables [7, 8], and knowledge graphs typically con-

structed from databases to describe the relationships and structures of enti-

ties [12]. Abu-Mostafa [13] expressed knowledge as input-output examples to

guide model training. Due to the rich semantic and logic structures in lan-

guages, natural language processing (NLP) is a popular domain for demon-

strating the power of incorporating knowledge. Gan et al. [14] proposed to

inject legal knowledge as a set of first-order logic rules into neural network

models to enhance the logical reasoning capability for judgment prediction,

with Yu et al. [15] and Wang & Pan [16] incorporating rules on the relation-

ships between entities in information extraction. We refer readers to reviews

[1, 17] for details on different types of knowledge representations and how

they are integrated into model learning.

2.2. Encoding logical constraints

Recent studies in neural-symbolic AI have aimed to explicitly integrate

complex logical constraints with machine learning methods. Some methods

use neural circuits and logic programming languages for symbolic processing

[18, 19]. These can be applied to non-differentiable discrete constraints but

are computationally intensive. As an example, Yang et al. [20] estimated the

gradients of discrete functions and enabled learning with discrete constraints
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using gradient descent. There are also studies that have algorithmically

translated a set of rules to generate a neural network for training [3, 21, 22],

with that of de Penning et al. further growing and adapting the network in

an online learning setting [4]. Neurons have been constructed to represent

elements such as logical gates in a clause for logical neural networks [23]

and in recurrent neural networks with external memory structures [24]. Sen

et al. extended the logical neural networks’ ability from inducing rules in

Boolean Logic to first-order logic [25], and applied logical neural networks to

knowledge base completion [26]. Riemann et al. proposed the use of neural

logic rule layers as neural network modules that can represent logical rules

[27]. Existing works on incorporating logical constraints typically evaluate

on synthetic tasks or tasks with well-defined relationships between entities

(e.g. knowledge base completion). Approaches for leveraging prior domain

knowledge can be very task-specific. We are not aware of any published

studies that have used the same tasks as those in our work.

2.3. Learning with loss constraints

A common and straightforward strategy to incorporate rules into neural

networks without changing the network structure is to formulate the rules

as differentiable constraints, and to add these constraints to the learning

objective [28]. Our work falls in this category. Rule violations are penal-

ized through loss functions. Most existing methods only deal with a single

rule [7, 8, 9, 10]. Seo et al. [7] utilized an additional module in the neural net-

work to produce outputs following the specified rule, and Hu et al. [10] used

a teacher network for knowledge distillation. Ahmed et al. [9] introduced a

PyTorch package to facilitate the integration of declarative knowledge into
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neural network models through a constraint function. Physics-informed neu-

ral networks [29, 30] have been trained to simulate physics models described

by partial differential equations for applications such as fluid dynamics, and

Chen et al. [31] added geometric constraints to obey rules for 3D trans-

formations. Fischer et al. [32] and Chen et al. [31] incorporated multiple

rules but with all the rules being given the same importance, and Wang &

Pan [16] applied a data-independent weight for each rule by gradient descent

to minimize task loss. Our proposed confidence scores for multiple candi-

date rules are data-dependent and additionally regularized by prior distribu-

tions, which allow domain knowledge to guide the estimated importance of

each rule. While neural network training is known to be data-intensive, we

demonstrate through experiments that our incorporation of rules is especially

effective in data-scarce settings.

3. Proposed Method

3.1. Notations

We denote total N observed samples as
{(

x(n),y(n)
)}N

n=1
, where for the

n-th sample, x(n) and y(n) are the predictor and response, respectively. y(n) is

the one-hot vector of true class label in L classes. Samples are independently

and identically distributed as (x,y) ∼ P (X ,Y).

A data encoder neural network model f(·) parameterized by Θ yields

soft labels (a vector of estimated class probabilities P (Y|x)) as s = f(x; Θ).

The final predicted class is the one with the highest probability in s i.e.

argmaxi si.

7



3.2. Rule Loss

We consider the If-Then rule of the form A(x) → B(f(x; Θ)), where

A(x) and B(f(x; Θ)) are the antecedent and consequent statements of x

and f(x; Θ), respectively. Then, the general form of the rule loss is

Lrule(Θ;x) = 1{A(x)} ∗ penaltyrule(Θ;x) (1)

where 1{·} is the indicator function with 1{A(x)} = 1 if A(x) is true

and 0 otherwise, and penaltyrule(Θ;x) is the penalty for violating A(x) →

B(f(x; Θ)). Overall, Eq. 1 means that a penalty penaltyrule(Θ;x) is applied

for rule violation when A(x) is true. While the exact form of the rule loss

depends on specific applications, the general form of Eq. 1 covers a variety

of existing rules in the literature where statements A(x) and B(f(x; Θ)) are

well-defined by target values or thresholds [8] or where statements are more

expressive [7]. For example, for the rule “if x = a, then f(x; Θ) = b”,

we can set 1{A(x)} = 1{x = a} and the penalty as penaltyrule(Θ;x) =

dist(f(x; Θ), b) for some non-negative distance function dist(·) such that

dist(f(x; Θ), b) = 0 if and only if f(x; Θ) = b. For the correlation rule

“if x increases, then f(x; Θ) increases”, we can represent the formulation

in [7] as 1{A(x)} = 1{x < x̃} and the penalty as penaltyrule(Θ;x) =

ReLU(f(x; Θ) − f(x̃; Θ)) where x̃ = x + ϵ for some perturbation ϵ. The

specific choice of dist(·) or ϵ depends on the application, learning task and

other loss terms in the model training objective. In our experiments, we

formulated penaltyrule(Θ;x) based on the form of the cross-entropy classifi-

cation loss for the aircraft system anomaly detection task, and an existing

perturbation strategy in [7] for the credit risk prediction task and the car-

diovascular classification task.
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When the penalty function is differentiable with respect to Θ, the rule loss

can be optimized together with the task loss when training neural network

models with common gradient-based methods. This allows practitioners to

readily supplement model learning with prior domain knowledge.

3.3. Confidence Learning for Multiple Rules

In practice, a human practitioner can readily construct multiple candidate

rules that can potentially apply to a system, but may find it difficult to

manually select the best rule or set of rules without further data analysis.

We propose to use confidence learning to automatically weigh each of total

J candidate rules (Figure 2), where the confidence score of a rule j in [0,1]

reflects the model’s estimated contribution of rule j to the system. A score

of 0 implies the system is not dependent on rule j, 1 implies rule j is the

single rule contributing to the system, and a value in (0, 1) implies there

are multiple rules contributing to the system at varying extents. In our

experiments in Section 4, the confidence encoder is composed of two multi-

layer perceptron (MLP) layers with ReLU activation functions, and another

linear layer followed by a mean pooling and a softmax layer to generate the

confidence probability score. The overall objective is

L(Θ,Ψ;x,y) = Ltask(Θ;x,y) + αLreg(Θ,Ψ)+

λ

J∑
j=1

gj(Ψ;x)Lrulej(Θ;x) + βKL(g(Ψ;x),wprior) (2)

where rule selection is guided by a prior distribution wprior ∈ [0, 1]J with∑J
j=1wprior,j = 1, and where g(·) is the confidence encoder network pa-

rameterized by Ψ that yields confidence scores w = g(x; Ψ) ∈ [0, 1]J and
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∑J
j=1wj =

∑J
j=1 gj(Ψ;x) = 1. The KL-divergence regularization term

KL(g(Ψ;Tx),wprior) controls how close the learned confidence scores are to

the prior. The task loss Ltask(Θ;x,y) and regularization term Lreg(Θ,Ψ) on

the magnitude of learned model parameters depend on the dataset, task and

model choice. For our experiments, we use the conventional cross-entropy

loss as the task loss for classification, and the L2-norm on model parameters

as the regularization term. The rule loss term Lrulej(Θ;x) is formulated ac-

cording to the choice of rules for each application, as described in Section 3.2.

Figure 2: Domain knowledge provides If-Then rules that are simple to collect and im-

plement. For multiple candidate rules, the contribution w of each rule is learned by a

confidence neural network encoder g and guided by a prior distribution wprior. The over-

all objective is the weighted sum of the task loss Ltask, parameter regularization Lreg, the

rules loss Lrules, and the distance measure between w and its prior.

4. Experiments and Results

We evaluated our formulation of the rule loss with three real-world datasets

for a range of applications: aircraft system anomaly detection, credit risk pre-

diction, and cardiovascular classification. We used a single rule in Section 4.1

and 4.2, and multiple candidate rules in Section 4.3. We varied the amount of

available training data to demonstrate the effectiveness of injecting If-Then
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rules when learning with scarce data. We set default hyperparameters as

λ = 1 and β = 1 such that the task and rule loss are assigned the same

importance. For the aircraft system anomaly detection task, we regularize

model parameters to prevent overfitting due to the small number of observed

anomalies. We set α = 0.5, a conventional value for L2 regularization to

simplify the derivative of the term for backpropagation.

4.1. Anomaly Detection for Aircraft Thrust Reverser System

4.1.1. Dataset

We evaluated our formulation of the rule loss with a real-world dataset

for anomaly detection on an aircraft system (the engines and braking sys-

tems) used for deceleration during landing. Fully-functioning and healthy

engines and brakes are critically required for safe aircraft landings, and a

more accurate anomaly detection model can better assist human operators

in deciding when the aircraft’s engines and brakes should undergo mainte-

nance (Figure 3).

We collected operational data from a fleet of 19 aircraft, with data for

each aircraft recorded for multiple flights. In total, this dataset contains 5703

flight recordings. Raw data from the upstream and downstream monitoring

of related components (engines and brakes) is logged, and we extracted 16

features from the raw data. The dataset has a healthy class, and two classes

of anomalies (Table 1): (1) Type A anomalies are easy to detect and can be

fully detected by the status of binary features being “off” and indicating the

failure to deploy any of the deceleration subsystems; (2) Type B anomalies

are more challenging to detect and are the ones of interest in this application.
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Table 1: Sample sizes of the aircraft dataset.

Data split Healthy Anomaly

Type A Type B

Train 3925 44 11

Test 1683 20 20

Figure 3: Anomaly detection for aircraft system

4.1.2. Implementation Details

We trained the samples with binary labels indicating if the samples are

anomalies. We used a simple single-layer perceptron (SLP) since the features

have already been extracted based on domain knowledge to synthesize po-

tentially useful information. Due to class imbalance, we loaded data from

two data loaders: one for healthy samples and one for anomalous samples

with mini-batch size min(256, class sample size), and used a class-weighted

cross-entropy

LAD
task(Θ;x,y) = −cy · log(s) (3)
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where cℓ = #samples/L
#samples in class ℓ

and s = f(x; Θ) is the estimated class proba-

bilities. The network is trained with an Adam optimizer using a learning

rate of 0.1 for 1000 iterations, and checkpointed at the lowest training loss.

The dataset has a single rule informed by domain knowledge: “if xi > τ ,

then the sample is more likely to be an anomaly” for feature xi denoting the

desynchronization time between multiple subsystems and a threshold τ . We

did not implement confidence learning in this case with a single rule, and

formulated the rule loss as

LAD
rule(Θ;x) = −1{xi > τ} ∗ log(f(x; Θ)). (4)

Since f(x; Θ) is the predicted probability that the sample x is an anomaly,

the rule loss encourages a high predicted probability when the feature xi

crosses the domain-specific threshold τ . To understand the formulation of

this rule loss with respect to the general form 1{A(x)} ∗ penaltyrule(Θ;x) in

Equation 1, we note that for the rule “if xi > τ , then the sample is more

likely to be an anomaly”, the antecedent statement of x is xi > τ , hence

the corresponding indicator function 1{A(x)} in Equation 1 is 1{xi > τ}.

The penalty function can be set as penaltyrule(Θ;x) = dist(f(x; Θ), 1) for

some non-negative distance function dist(·) such that dist(f(x; Θ), 1) = 0 if

and only if f(x; Θ) = 1. The negative log function i.e. penaltyrule(Θ;x) =

− log(f(x; Θ)) fits the criteria as − log(f(x; Θ)) ≥ 0 for f(x; Θ) ∈ [0, 1], and

− log(f(x; Θ)) = 0 if and only if f(x; Θ) = 1. Moreover, the negative log

function is also present in the cross-entropy classification loss in Equation

(3). Using the same function in the task and rule loss avoids imbalanced

learning due to magnitude differences in loss term values.
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4.1.3. Results

We evaluated the performance in detecting Type B anomalies using F1-

score with top-K evaluation and the area under the precision-recall curve

(AUPRC). In the top-K evaluation, the K test samples with highest anomaly

probability are predicted to be anomalous, with K being the ground-truth

number of anomalies. We compared our results with those of baseline meth-

ods which do not incorporate rules e.g. k-nearest neighbor (KNN), random

forest, AdaBoost, gradient boosting, and SLP. We run each experiment for

10 random seeds.

Table 2: Anomaly detection performance (%) on the Aircraft dataset.

Method F1 AUPRC

KNN 5.00 ± 0.00 2.12 ± 0.00

Random Forest 24.00 ± 2.00 25.82 ± 3.08

AdaBoost 30.00 ± 0.00 28.16 ± 1.13

Gradient Boosting 33.50 ± 7.76 32.22 ± 6.67

SLP 46.50 ± 3.20 49.31 ± 1.35

Rule 49.00 ± 2.00 50.05 ± 1.33

∆ +2.50 +0.74

The “Rule” method achieved the best average performance over other

baselines, with an F1-score of 49.00 and AUPRC of 50.05 (Table 2). Incor-

porating the rule marks an improvement over the use of SLP by an F1-score

of 2.50 and AUPRC of 0.74. Standard deviations of the performance metrics

are large due to the small number of anomalies in the test set.
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4.2. Credit Risk Prediction

4.2.1. Dataset

The German credit risk dataset 3 consists of 1000 records of bank cus-

tomer data, each composed of 20 numerical or categorical features. The task

is to predict the credit risk of a customer. After feature selection and prepro-

cessing 4, the resulting dataset has a feature dimension of 17. We randomly

sample 40% of the data as the test set and 10% as the validation set. The

remaining 50% is used for training. We used the F1-score and AUPRC as

the evaluation metrics because the dataset is highly imbalanced (number of

samples for bad credit is ∼5 times the number of samples for good credit in

the training set).

4.2.2. Implementation Details

The rule we considered for this dataset is that if the checking account

balance is low, then the probability of having bad credit rapidly increases

[33]. We first normalized the checking amount balance to [0,1] where a higher

value indicates lower balance. For a given datapoint x, let xj denote the

particular feature at which we want to enforce the rule loss (i.e., checking

account balance here) and τj denote the threshold of the rule condition. We

then defined the rule loss based on a perturbation strategy [7], which was

achieved by perfoming a random pertubation, i.e., adding a random value

within (0,1) to xj to get x̃. This rule loss is formulated as:

LCR
rule(Θ;x, x̃) = 1(xj > τj) ·max(f(x; Θ)− f(x̃; Θ) + δ, 0), (5)

3https://archive.ics.uci.edu/ml/datasets/statlog+(german+credit+data)
4https://www.kaggle.com/datasets/uciml/german-credit
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Figure 4: Classification performance on the German credit risk dataset with respect to

different training data percentages. Left: F1-score; right: AUPRC.

where δ is a margin hyper-parameter controlling how strictly the rule is

enforced. Applying Eq. 5 means that when the condition xj > τj is satisfied,

the predicted probability of the example having bad credit should increase

when xj increases, i.e., f(x̃; θ) should be higher than f(x; θ). Otherwise, we

enforced a loss of max(f(x; Θ)− f(x̃; Θ) + δ, 0) to penalize such a violation.

In our implementation, we set the rule threshold τj as 0.75. As there is only a

single rule available for this dataset, we did not perform confidence learning.

For the task loss, we used a class-weighted cross-entropy loss (Eq. 3).

4.2.3. Results

Our baseline is the multi-layer perception (MLP) neural network without

incorporating rules (“DataOnly”). The performance of the neural network

with respect to different training data percentages averaged over 20 runs

(Figure 4) indicates that adding rules consistently improves the classification

performance in terms of both F1-score and AUPRC. With less training data

available, the performance boost is more significant. This suggests that our
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technique for incorporating rules is more useful when limited labeled training

data is available. This finding is notable, as data annotation is known to be

a pain-point when using deep learning methods for real-world applications.

4.3. Cardiovascular Classification

4.3.1. Dataset

The cardiovascular classification dataset 5 consists of 70,000 records of

patient data, each containing 11 features and a binary label indicating the

presence or absence of cardiovascular disease. The data is evenly distributed,

i.e., half of the patients have cardiovascular disease, and the other half does

not. The task is to classify the data based on the 11 categorical or numerical

features. To demonstrate the utility of incorporating rules in a scenario with

scarce training data, we randomly sampled 80% of the data as test exam-

ples. From the remaining 20% data, we further randomly sampled the same

amount of data for training and validation. The validation data were used

for checkpointing models and choosing the best learning rate. We applied

the same procedure to all neural network-based methods in our evaluation

to ensure fair comparisons.

4.3.2. Implementation Details

According to the domain knowledge from medical studies [34, 35], factors

that are known to be strongly associated with cardiovascular disease are

higher systolic blood pressure (ap hi), age and obesity measured by body

mass index (bmi). Therefore, the rules we considered are:

5https://www.kaggle.com/datasets/sulianova/cardiovascular-disease-dataset
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a) If ap hi > 129.5, then the probability of getting cardiovascular disease

greatly increases.

b) If age > 50, then the probability of getting cardiovascular disease

greatly increases.

c) If bmi > 25, then the probability of getting cardiovascular disease

greatly increases.

For each rule, we defined the rule loss in the same way as the credit

risk prediction task (Sec. 4.2.2), i.e., we performed a random perturbation

over the normalized feature xj of x to obtain x̃. The rule loss was then

formulated in the same manner as Eq. 5. The rule thresholds τj for the three

rules were normalized from 129.5, 50 and 25 for the features ap hi, age, bmi

respectively in the same way as we normalized the features. We applied

confidence learning in this case with 3 candidate rules. For the confidence

score priors, we used the winner-take-all strategy to assign 1 to the most

confident Rule #a according to [34] and 0 for other rules. We performed

ablation studies using the different confidence priors given in Sec. 4.3.4. For

the task loss, we used the standard binary cross-entropy loss since the data

distribution is balanced in the training set.

4.3.3. Results

Our baseline is the multi-layer perception (MLP) neural network without

incorporating rules (“DataOnly”). For our method, we report the results of

using a single rule (Rule #a) and a simple baseline that uses average weights

for each rule without confidence learning, denoted as “Rule (multi avg)”.
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Figure 5: Classification performance on the Cardiovascular dataset with respect to differ-

ent training data percentages.

Our full method with multiple rules and confidence learning is reported here

as “Rule (multi conf)”.

Table 3: Classification accuracies (%) on the Cardiovascular dataset with respect to dif-

ferent training data percentages.

Training (%) 0.1% 0.5% 2.5% 10% 100%

MLP 56.57 ± 4.78 62.93 ± 5.97 70.20 ± 0.60 71.98 ± 0.56 73.07 ± 0.21

Rule (single) 62.23 ± 6.60 67.84 ± 2.69 71.04 ± 1.03 72.08 ± 0.26 73.14 ± 0.11

Rule (multi avg) 65.81 ± 1.53 68.57 ± 1.31 70.39 ± 0.87 71.84 ± 0.85 72.92 ± 0.13

Rule (multi conf) 68.57 ± 1.42 69.07 ± 2.45 71.50 ± 0.45 72.33 ± 0.25 73.18 ± 0.12

∆acc +12.0 +6.14 +1.30 +0.35 +0.11

Table 4: Validation errors on the Cardiovascular dataset with respect to different training

data percentages.

Training (%) 0.1% 0.5% 2.5% 10% 100%

MLP 0.553 ± 0.190 0.587 ± 0.067 0.579 ± 0.043 0.563 ± 0.018 0.548 ± 0.006

Rule (single) 0.413 ± 0.183 0.585 ± 0.066 0.574 ± 0.040 0.564 ± 0.018 0.549 ± 0.006

Rule (multi avg) 0.416 ± 0.217 0.572 ± 0.066 0.571 ± 0.037 0.564 ± 0.019 0.553 ± 0.006

Rule (multi conf) 0.402 ± 0.186 0.569 ± 0.076 0.573 ± 0.033 0.562 ± 0.018 0.548 ± 0.005
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Our results averaged over 10 runs indicate that incorporating rules gen-

erally improves the performance over the baseline methods in all the settings

(Table 3, Figure 5). The improvement is more marked in cases with small

training data, and Rule with confidence learning attains a 12.0% accuracy

boost over MLP at the 0.1% training data setting. Our finding is consistent

with the results given in Figure 4, and demonstrates the value of incorpo-

rating rules in scenarios with limited training data. We further report the

validation errors (mean±std) in Table 4, which shows similar trends as in Ta-

ble 3. Our method that incorporates rules with confidence learning generally

achieves the lowest validation errors at all settings.

4.3.4. Ablation Study

We conducted ablation studies and analyses on the cardiovascular classi-

fication dataset with 0.05% training data.

Using different priors. We first studied the effect of using different pri-

ors for confidence learning with multiple candidate rules. In our experiment,

we used the ‘winner-take-all strategy to assign 1 to the most confident rule

and 0 to the rest (denoted as “One-hot”). An alternative was to simply use

equally weighted or average confidence scores, meaning that we would not

have any preference or knowledge about the confidence of each rule (denoted

as “Average”). We also studied the effect of excluding and including the

KL-divergence loss. In our results (Table 5), “Fixed” denotes the confidence

scores being fixed without learning, “Learn w/o KL loss” denotes learn-

ing the confidence scores without the KL-divergence loss, “Learn w KL loss

(Full model)” denotes our confidence learning method that includes the KL

divergence loss. We can see that all evaluated models outperform the MLP
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baseline (with classification accuracy 56.57±4.78) by considerable margins,

which highlights the effectiveness of incorporating multiple rules. Our full

model with the “One-hot” prior achieves the best performance. It is also

worth noting that without the KL-divergence loss, the model will simply as-

sign the largest weight to the rule with the smallest rule loss, regardless of

priors. This is validated by the fact that the same performance is achieved by

using “Average” and “One-hot” priors for the “Learn w/o KL loss” model.

Table 5: Classification accuracy (%) on the Cardiovascular dataset for ablation study on

using different priors for confidence learning.

Prior Average One-hot

Fixed 65.81±1.53 63.75±7.03

Learn w/o KL loss 64.25±4.89 64.25±4.89

Learn w KL loss (Full model) 66.74±1.38 68.57±1.42

Table 6: Classification accuracy (%) on the Cardiovascular dataset for ablation study on

the rule margin parameter δ (bigger δ indicates more strict rules).

MLP 56.57 ± 4.78

Rule, δ = 0 63.39 ± 3.48

Rule, δ = 0.001 64.66 ± 3.40

Rule, δ = 0.005 67.96 ± 0.95

Rule, δ = 0.01 68.57 ± 1.42

Rule, δ = 0.05 68.86 ± 1.67

Rule, δ = 0.1 67.06 ± 2.55

Impact of δ. In the design of the rule loss, the margin parameter δ

controls how strict the constraint is enforced. We studied the effect of varying

δ on classification performance (Table 6). Even with δ = 0, incorporating

21



rules outperforms the MLP baseline by a considerable margin. When we

increase δ, the classification performance improves and peaks at δ = 0.01

and δ = 0.05. Since the standard deviation of performance is smaller at

δ = 0.01 than at δ = 0.05, we set δ = 0.01 for all our experiments.

5. Conclusion

The performance of neural networks is dependent on the quantity of train-

ing data available. Incorporating human expert knowledge into model train-

ing can reduce the burden on data requirements. In this paper, we introduced

a general, model-agnostic rule loss for incorporating conditional sentences

into neural network training for classification tasks. We also proposed to use

confidence learning for automatically weighing the contribution of multiple

candidate rules. We empirically demonstrated performance increases by in-

corporating rules in three real-world datasets, showing that this effect can

be especially significant when training data is limited.
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