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Abstract: Traditional neural networks struggle to generalize arithmetic operations beyond the numerical range seen   during   

training. This paper investigates the implementation and evaluation of a Neural Arithmetic Logic Unit (NALU).A specialized 

neural network module introduced in the paper AI-Driven Arithmetic Logic Units, designed to improve numerical reasoning and 

arithmetic generalization. The NALU architecture extends the Neural Accumulator (NAC) by   incorporating both additive and 

multiplicative computation pathways, controlled by a learnable gating mechanism. This structure enables the model to learn exact 

arithmetic operations such as addition, subtraction, multiplication, and division, while maintaining the ability to extrapolate beyond 

the training range. In this manuscript, the NALU model was implemented using TensorFlow and evaluated on synthetic arithmetic 

tasks. 
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I. INTRODUCTION 

The human brain is an incredibly intricate, nonlinear, and 

parallel processing system (information processing unit) [1]. It 

possesses the ability to arrange its structural elements, known as 

neurons, in order to execute specific calculations (such as pattern 

recognition, perception, motor control, etc.). These calculations 

occur at speeds that far surpass the quickest digital computers 

available today. More specifically, the brain consistently 

performs perceptual recognition tasks (for instance, identifying a 

familiar face in an unfamiliar environment) in about 100-200 

milliseconds, while tasks of much lesser complexity can take 

days on a standard computer. When It became clear that the 

human braiN functions in a completely distinct manner 

compared to traditional digital computers, research into artificial 

neural networks (often called "neural networks") was spurred. 

Generally speaking, a neural network is a system designed to 

replicate how the brain executes specific tasks [2-5]. This 

network is typically constructed using electronic components or 

is simulated via software on a digital computer. Neural networks 

rely on extensive interconnectivity of "neurons" or processing 

units that are essential for the functioning of a neural network 

[6]. In fact, a neural network acts as a highly parallel distributed 

processor composed of simple processing units, which naturally 

tends to retain experiential knowledge and make it accessible for 

application. The network gathers knowledge from its 

surroundings through a learning process [7-12]. The strengths of 

connections between neurons, referred to as synaptic weights, are 

utilized to store   the acquired knowledge. Machine Learning 

algorithms automatically build a mathematical model using 

sample data also known as ‘training data’ to make decisions 

without being specifically programmed to make those decisions. 

Machine learning is applicable to fields such as Speech 

recognition, text prediction, handwritten generation, genetic 

algorithms, artIficial neural networks, natural language 

processing [13]. To these single-value neurons, we apply 

operators that are capable of representing simple functions (e.g., 

+, −, ×, etc.). These operators are controlled by parameters which 

determine the inputs and operations used to create each output. 

However, despite this combinatorial character, they are 

differentiable, making it possible to learn them with back 

propagation [14-18]. 

 

Figure 1: Architecture of ANN 
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II. METHODS OF NEURAL ARITHMETIC 

A Neural network architecture comprises a number of 

neurons or activation units as we call them, and this circuit of 

units serves their function of finding underlying relationships in 

data. And it's mathematically proven that neural networks can 

find any kind of relation/function regardless of its complexity, 

provided it is deep/optimized enough, that is how much potential 

it has [19]. Now let’s learn to implement a neural network using 

TensorFlow. TensorFlow is a popular open-source machine 

learning framework that can be used to implement neural 

arithmetic’s [20]. TensorFlow can be used to define and train the 

neural network architecture of the arithmetic. This includes 

defining the layers, activation functions, and optimization 

algorithms. A neural arithmetic is a neural network that takes 

multiple input signals and produces a single output signal [21]. 

The neural arithmetic is trained to learn the complex patterns in 

the input signals and adaptively select the desired output [22]. 

The architecture of a neural multiplexer is shown in Figure 2. 

The input signals are fed into a shared encoder network, which 

extracts features from the inputs. The features are then fed into a 

selector network, which selects the desired output [23]. 

 

 

Figure 2: Neural Network Architecture 

III. ARTIFICIAL NEURAL NETWORK 

Artificial neural networks are systems motivated by the 

distributed, massively parallel computation in the brain   that 

enables it to be so successful at complex control and 

classification tasks [24]. The biological neural   network that 

accomplishes this can be mathematically modeled by a weighted, 

directed graph of highly interconnected nodes (neurons). An 

ANN initially goes through a training phase where it learns to 

recognize patterns in data, whether visually, aurally, or textually. 

During this training phase, the network compares its actual 

output produced with what it was meant to produce the desired 

output. The difference between both outcomes is adjusted using a 

set of learning rules called back propagation. This means the 

network works backward, going from the output unit to the input 

units to adjust. 

 

 

Figure 3: Architecture of typical ANN 
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The weight of its connections between the units until the 

difference between the actual and desired outcome produces the   

lowest   possible error. The structure of a typical Artificial 

Neural Network is given in Figure 3. Neuron An ANN has 

hundreds or thousands of processing units called neurons, which 

are analogous to biological neurons in human brain. Neurons 

interconnected by nodes. These processing units are made up of 

input and output units [25]. The input units receive various forms 

and structures of information based on an internal weighting 

system and the neural network attempts to learn about the 

information presented to it. The neuron multiplies each input 

(𝑥1,𝑥2 , …… , 𝑥𝑛 ). 

 

Figure 4: Architecture of single neuron of an ANN 

By   the   associated   weight (w, w , ......, w ) and   then 

sums   up all the results i.e. computes a weighted sum of the 

input signals as: 

X= 𝑥𝑖𝑤𝑖
𝑛
𝑖=1                …………(1.1) 

Then, the result is then passed through a non-linear function 

(f) called activation function. An activation function is the 

function that describes the output behavior of a neuron, and has a 

threshold value ′θ′. Then the result is compared with a threshold 

value which gives the output as either ‘0′ or ‘1′. If the weighted 

sum is less than ′θ′ then neuron output is ’1’ otherwise 0. In 

general, the neuron uses step function (1.2) as activation 

functions. 

Y =  
+1, 𝑖𝑓𝑋 ≥ 𝜃
0, 𝑖𝑓𝑋 < 𝜃

          ……… (1.2) 

Algorithm 

1. Arithmetic Logic Units 

import tensor flow as tf 

def simple ALU(operand1, operand2, operation): 

    if operation == "add": 

        return tf.add(operand1, operand2) 

    elif operation == "subtract": 

        return tf.subtract(operand1, operand2) 

    elif operation == "and": 

        return tf.logical_and(operand1, 

operand2) 

    elif operation == "equal": 

        return tf.equal(operand1, operand2) 

    else: 

        raise ValueError("Unsupported 

operation") 

 

# Example usage 

a = tf.constant([1, 2, 3], dtype=tf.int32) 

b = tf.constant([4, 1, 3], dtype=tf.int32) 

c = tf.constant([True, False, True], 

dtype=tf.bool) 

d = tf.constant([False, False, True], 

dtype=tf.bool) 

 

sum result = simple alu(a, b, "add") 

equal result = simple alu(c, d, "equal") 

 

print("Sum:", sum result.numpy()) 

print("Equality:", equal result.numpy()) 

Algorithm   

2. OR Gate using Tensor Flow: 

In OR Gate, If one or both the inputs are High (True) then 

the output will be high (True) else low (False). 

OR Gate 

A B Z = A + B 

False False False 

False True True 

True False True 

True True True 

import tensor flow as tf 

# Define the input tensors for the OR gate 

A = tf.constant([False, False, True, True], 

dtype=tf.bool) 

B = tf.constant([False, True, False, True], 

dtype=tf.bool) 

 

# Implement the OR gate using the Tensor Flow 

logical or function 

Z = tf.math.logical or (A, B) 

 

# Print the output tensor 
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Print (Z) 

Algorithm 

3. AND Gate using Tensor Flow: 

In AND Gate, If both the inputs are High (True) then the 

output will be high (True) else low (False). 

AND Gate 

A B Z = A.B 

False False False 

False True False 

True False False 

True True True 

import tensor flow as tf 

# Define the input tensors for the AND gate 

A = tf.constant([False, False, True, True], 

dtype=tf.bool) 

B = tf.constant([False, True, False, True], 

dtype=tf.bool) 

 

# Implement the AND gate using the Tensor Flow 

logical and function 

Z = tf.math.logical_and(A, B) 

 

# Print the output tensor 

Print (Z 

Algorithm 

4. NAND Gate using TensorFlow: 

import tensor flow as tf 

import numpy as np 

 

# 1. Define the training data (NAND gate truth 

table) 

A = np.array([False, False, True, True], 

dtype=np.float32) 

B = np.array([False, True, False, True], 

dtype=np.float32) 

 

# Implement the NAND gate using TensorFlow 

logical_and and logical_not functions 

Z = tf.math.logical_not(tf.math.logical_and(A, 

B)) 

 

# Print the output tensor 

print(Z) 

 

Algorithm 

5. NOT Gate using Tensor Flow: 

In NOT Gate, The output will be opposite to the input 

value. i. e If the input is igh then the output will be Low and vice 

versa. 

NOT Gate 

A Z = NOT A 

False True 

Rue False 

import tensor flow as tf 

 

# Define the input tensors for the NOT gate 

A = tf.constant([False, True], dtype=tf.bool) 

 

# Implement the NOT gate using the Tensor Flow 

logical not function 

Z = tf.math.logical not(A) 

 

# Print the output tensor 

Print (Z) 

Algorithm 

6. XNOR Gate using Tensor Flow: 

In XNOR Gate, The output will be high only if both the 

inputs will be the same i. e either High or Low. 

Similar to the NOR gate, Tensor flow does not have a 

function for the XNOR gate. Thus, we will combine logical XOR 

and logical NOT functions to construct the XNOR gate.      

XNOR Gate 

A B Z = A XOR B Y = NOT Z 
XNOR 

GATE = Y 

False False False True True 

False True True False False 

True False True False False 

True True False True True 

import tensor flow as tf 

 

# Define the input tensors for the XOR gate 

A = tf.constant([False, False, True, True], 

dtype=tf.bool) 

B = tf.constant([False, True, False, True], 

dtype=tf.bool) 
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# Implement the XNOR gate using the 

# Tensor Flow logical xor function and logical 

_not 

# First implement OR Gate between A and B 

Z = tf.math.logical xor(A, B) 

# Now implement NOT Gate to output of XOR GATE 

i.e 'Z' 

 

Y = tf.math.logical not(Z) 

# Print the output tensor 

Print (Y) 

Algorithm 

7. XOR Gate using Tensor Flow: 

In XOR Gate, If any one of the inputs is high then the 

output will be high and if both the inputs are high then the output 

will be low. 

XOR Gate 

X Y Z = A XOR B 

False False False 

False True True 

True False True 

True True False 

import tensor flow as tf 

 

# Define the input tensors for the XOR gate 

A = tf.constant([False, False, True, True], 

dtype=tf.bool) 

B = tf.constant([False, True, False, True], 

dtype=tf.bool) 

 

# Implement the XOR gate using the Tensor Flow 

logical xor function 

Z = tf.math.logical xor (A, B) 

 

# Print the output tensor 

Print (Z) 

IV. RESULTS 

Neural Network Predictions: 

1. Input tensors for the ALU gate: 

Tf . Tensor flow [ false True True ] 

2. Input tensors for the OR gate: 

Tf . Tensor flow [ false True True True ] 

3. Input tensor for the AND gate: 

Tf . Tensor flow [ False False  False True ]   

4. Import tensor for the NAND gate: 

Tf . Tensor flow [ True True True False] 

5. Import tensor for the NOT gate: 

Tf . Tensor flow [ True False ] 

6. Import tensor for the XNOR gate: 

Tf . Tensor flow [ True False False True ] 

7. Import tensor for the XOR gate: 

Tf . Tensor flow [ False True True False ] 

V. CONCLUSIONS 

We demonstrated the effectiveness of neural arithmetic on 

several benchmark tasks and showed that they outperform 

traditional arithmetic in terms of accuracy and robustness. In the 

context of a neural arithmetic, an epoch and loss are two 

important concepts that are used to train and evaluate the 

performance of the model. An epoch is a single pass through the 

entire training dataset. In other words, it is one iteration of the 

training process where the model sees each example in the 

training dataset once. The number of epochs is a hyper parameter 

that needs to be tuned. Typically, the model is trained for 

multiple epochs until the loss converges or the performance on 

the validation set starts to degrade. The loss, also known as the 

cost function or objective function, is a measure of how well the 

model is doing on the training dataset. The test accuracy is 100 

percent. Future work includes exploring the use of neural 

arithmetic in other applications, such as communication systems 

and   data   processing. We also plan to investigate the use of 

neural arithmetic in real-world scenarios. 
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