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ABSTRACT 

Two of the most well-liked neural network frameworks, 

Theano and TensorFlow, will be compared in this study for 

how well they perform on a given problem. The MNIST 

database will be used for this specific problem, which is the 

recognition of handwritten digits from one to nine. It is a 

good idea to use more examples than contrasted ones to 

compare these frameworks because this database is the 

subject of active research at the moment and has produced 

excellent results. However, in order to be trained and deliver 

accurate results, neural networks need a sizeable amount of 

sample data, as will be covered in more detail later. Because 

of this, big data experts frequently encounter problems of this 

nature. As the project description implies, we won't just 

present a standard comparison because of this; instead, we'll 

work to present a comparison of these networks' performance 

in a Big Data environment using distributed computing. The 

FMNIST or Fashion MNIST database and CIFAR10 will also 

be tested (using the same neural network design), extending 

the scope of the comparison beyond MNIST. The same code 

will be used with the same structure thanks to the use of a 

higher-level library called Keras, which makes use of the 

aforementioned support (in our case, Theano or TensorFlow). 

There has been a surge in open-source parallel GPU 

implementation research and development as a result of the 

high computational cost of training CNNs on large data sets. 

However, there aren't many studies that have been done to 

assess the performance traits of those implementations. In this 

study, we compare these implementations carefully across a 

wide range of parameter configurations, look into potential 

performance bottlenecks, and pinpoint a number of areas that 

could use more fine-tuning. 

I. Introduction  
A large amount of data is collected by states, 

institutions, or individuals in order to draw 

meaningful conclusions from it and use it as needed. 

Data created by materials such as numbers, texts, 

expressions, figures, and graphics has been 

transferred to electronic media using computers in 

every field [5]. With computers, the internet, and 

related technologies becoming more prevalent in all 

aspects of life, the data produced by these 

technologies is also becoming more prevalent. The 

increasing prevalence of information technologies has 

changed people's living, working, and environmental 

conditions; places, professions, and employees have 

become "mobile," as have the devices they use. 

However, in terms of diversity and volume, the 

resulting data has reached very different and large 

dimensions. The increase in mobility, the widespread 

use of social networks, the development of various 
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tracking systems (sensors, barcodes, data matrix, 

RFID systems, etc.) technologies, the increase in the 

accessibility of communication technologies, the 

transfer of many business lines, particularly 

commercial transactions, to the electronic 

environment, and the diversity of data produced, as 

well as the speed and amount of collection, have all 

resulted in significant increases in the speed and 

amount of collection. This trend is expected to 

continue. Machine-to-Machine Communication 

(M2M), on the other hand, is a technology that 

enables devices to be remotely monitored, managed, 

and communicated with each other via the sim card, 

sensors, electronic circuits, and internet network 

installed in the devices, and it has a wide range of 

applications in the lives of both individuals and 

businesses. The use of these technologies in many 

fields, including vehicle tracking, medical 

automation, smart home appliances, metre reading, 

logistics, security, and agriculture, has necessitated 

the analysis of the data transmitted by the devices. 

The increasing prevalence of wireless sensors and the 

fact that the number of objects that can be addressed 

with Internet Protocol Version 6 (IPv6) has become 

almost infinite, has led to an increase in the number 

of devices that will be connected to the Internet, and 

according to the predictions of Cisco and IBM, 50 

billion devices will be included in the internet 

network in 2020 [5]. Parallel to this development, 

M2M systems [6-10], in which a hardware is 

connected with a single application, today almost any 

hardware can be easily interconnected with various 

applications or devices, Internet of Things (IoT), 

Internet of Everything (IoE), Network of Things 

(WoT) and Network of Everything (WoE). have 

evolved into such environments. In these systems, 

where the real and virtual worlds are very close to 

each other and smart environments occur in every 

part of life, a huge volume of data is produced and 

most of this data is unstructured. These data, which 

can be in many types such as pictures, audio, text, 

video and transferred over networks, have also started 

to be stored in cloud environments. Another issue 

related to these data is that they have a variable and 

dynamic, in other words, flowing structure, especially 

human-sourced data such as social media data. On the 

one hand, new data from the devices is included in 

the system or some data is interrupted, on the other 

hand, changes may occur in the existing data. The 

analysis of the collected data therefore becomes more 

complex. For this reason, the concept of "big data", 

that is, "big data", has become very controversial 

especially in recent years [11-13]. 

Convolutional neural networks (CNN) have lately 

demonstrated promising results in the area of image 

classification [1]. Most of these systems were 

dependent on specialized libraries or frameworks. In 

this article, we'll examine Theano and TensorFlow, 

two well-liked CNN frameworks.[2] The target 

challenge is to identify 1–9 handwritten digits. 

MNIST, a well-researched database, will be employed 

for this task because it offers great chances to contrast 

several frameworks with actual data. We'll also learn 

that CNN needs a lot of data to train well and generate 

accurate results. Often, by seeing such problems 

through the lens of big data, the solutions can be 

discovered.[3] A standardized comparison of the 

networks' performance in a Big Data setting using 

distributed computing will be given, as implied by the 

document's title. The same code with the same 

structure can be reused using the higher-level library 

"Keras," which uses the mentioned capabilities 

(Theano or TensorFlow).Ease of use [7-10]. 

The primary issue is comparing a CNN's performance 

in a classification challenge involving images from 

the MNIST database [7]. Keras will be used as the 

backend, with either TensorFlow or Theano being 

compared. This CNN's effectiveness will be 

measured in terms of assessment error and training 

time, allowing for future determination of the best 

backend in any given scenario. In addition, the 

CIFAR10 database and the Fashion MNIST 

(FMNIST) database, both of which contain images of 

ten different types of black and white clothing, will 

be used for testing (10 colour images: dogs, birds, 

deer, cats, frogs, horses, boats, planes, cars and 

trucks). However, in order to speed up the overall 

process, we will train the same CNN on multiple 

cores (CPUs and GPUs) at the same time. We will 

look at the MNIST and FMNIST datasets for our 

final scenario. According to [12], the primary goal 

will be to compare the execution times of each 

backend to determine which is more efficient for 

distributed computing. 

A. Research methodology & Proposed solution and 

implementation  

We are going to divide this chapter into three parts, 

first they will analyse the common parts that the 

solution of all the experiments carried out will have. 

These parts are the neural network's architecture, the 

programming language used for its realization and the 

framework used. Then the solution and the proposed 

implementation for each particular case (distributed 

and non-distributed). The order of this section is 

shown below: 

1. Network architecture, programming language and 

framework. 

2. Solution and implementation of non-distributed 

case 

3. Distributed case solutions and implementation  

B. Network architecture, programming language 

and framework 

1) Programming language 

This project will use Python and ReLu, the premier 

language for machine learning architectures.  

2) Network Architecture 

This project's main case, MNIST, will be improved 

for a network architecture, which will then be applied 

with additional databases. FMNIST and CIFAR10 are 

projected to perform poorly in terms of evaluation 
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error analysis. The network's MNIST training error is 

within desirable margins for the chosen architecture. 

The source [4] provided it. Below are this network's 

layers. 

 Convolutional layer of 30 features with size of 

5x5 pixels and with the activation function of 

rectification or ReLu. 

 Max-pooling layer with a size of 2x2 pixels. 

 Another convolutional layer but this time with 15 

features, size 3x3 pixels and ReLu activation 

function. 

 A layer with a maximum pooling size of 2x2 

pixels. 

 To prevent overtraining, the Dropour layer is in 

charge of excluding a specific number of neurons, in 

this case 20%. 

 The following fully connected layers process the 

data that is transformed into a vector by the Flatten 

layer. 

 Layer with ReLu activation function and 128 fully 

connected neurons. 

 Layer with ReLu activation function and 50 fully 

connected neurons. 

 Output layer with 10 neurons (one for each class). 

3) Framework 

As mentioned in this paper, all experiments will 

employ Keras with TensorFlow and Theano backends 

to compare performance. 

C. Solution and implementation of non-distributed 

case 

Launch the experiment on the farm and specify 

whether want to use a GPU or a CPU so the farm's 

resource manager reserves one for you or allocate a 

specific processor. To reduce execution time, the 

NVIDIA GeForce RTX 2080 Ti is the farm's most 

powerful GPU. After choosing the neural network 

model and processor, it's time to decide how to train 

and compare it. To get a true picture of training times 

and evaluation error, ten experiments per instance and 

the mean and variance provided will be done. they. 

The overall execution time includes the connection 

with the farm and its management, system, and user 

times. We care about GPU execution time. The model 

will be trained for 200 epochs; however, we will 

receive validation values epoch by epoch to track 

precision. Besides an epoch-by-epoch validation error 

graph. Knowing which data would be compared, just 

the experiments—two for each database—remain 

(one for TensorFlow and one for Theano). The mean 

and variance of each group of ten experiments will be 

displayed. 

These experiments are listed below: 

1. MNIST is using Theano and TensorFlow as the 

backend. 

2. FMNIST is using Theano and TensorFlow as the 

backend. 

3. CIFAR10 is using Theano and TensorFlow as the 

backend. 

They are six from the prism of three tests (MNIST, 

FMNIST, and CIFAR10) with the two backend 

variations for comparison. Thus, only three cases of 

these six in groups of two will be analysed for 

experimentation. 

D. Distributed case solution and implementation 

The Elephas library converts Keras code to Spark 

with minimal instructions, allowing Spark's 

distributed case to keep the network's core and 

perform effective analysis [9]. The study will use 

MNIST and FMNIST data and only four simulations 

per experiment. To provide variety, MNIST 

experiments will be run on five machines or nodes 

with four cores each and four machines with five 

cores each. Starting with the last enumeration in the 

previous section, the experiments will be listed as 

follows: 

1. Performance comparison of MNIST spread across 

five nodes with four cores per node and four nodes 

with five cores per node using the Theano and 

TensorFlow backends. 

2. A performance comparison between the Theano 

and TensorFlow backends for FMNIST utilising the 

distribution that produced the best results for MNIST. 

3. The data from the undistributed case will be 

utilised to establish how many epochs are necessary, 

and the number of epochs to be investigated will be 

fixed. 

II. Experiment and analysis 
The comparative results from each experiment will 

now be shown, followed by a succinct interpretation 

of each: 

A. Evaluation of MNIST performance on both the 

Theano and TensorFlow backends 

The comparison figure of the times in this example is 

shown below.: 
 

 
Fig. 1: Comparison of execution times for the case of 

non-distributed MNIST. 
 

 
Fig. 2: Comparison of validation errors by epoch for the 

case of non-distributed MNIST. 
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It can be seen that Theano is clearly superior to 

TensorFlow in terms of timing. Now we will show 

graphically the evolution of the mean of the error per 

period that they have had and its standard deviation 

(represented by the character *) in the case of Theano 

and in the case of TensorFlow: 
 

 
Fig.3: MNIST Theano, 50 and 200 epoch validation error mean and standard deviation. 

 

 
Fig. 4: MNIST TensorFlow, 50 and 200 epoch validation error mean and standard deviation. 

 

Finally, a figure 2 of this comparison is broken down 

into periods: In this case, it can be seen that both 

Theano and TensorFlow have very similar features 

and a similar evolution. Both achieve a validation 

error below 1% from 10 epochs, a very optimal 

figure. In order to avoid overloading the document 

with plots, only the 50-epoch plots for Theano and 

TensorFlow will be shown for the following 

experiments. 

B. Evaluation of FMNIST performance on both the 

Theano and TensorFlow backendsS 

Now we show the times obtained by training the 

FMNIST database:  
 

 
 

 
Fig. 6: Comparison of validation errors by epoch for the 

case of non-distributed FMNIST. 
 

As was the case with MNIST, it can be seen that 

Theano is clearly superior in time. Now let's see the 

graphs (only those of 50 epochs) and the comparative 

table in terms of validation errors: 

 

 

Fig. 5: Comparison of execution times for the case 

of non-distributed FMNIST. 
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Fig. 7: The 50 epoch FMNIST Theano and TensorFlow validation error mean and standard deviation. 

 

Table 1: Comparison of the data obtained using distributed computing with the MNIST database and 

FMNIST database. 

 
Setting Backend 

Total average time  Average execution Average handling 
Mean evaluation error 

(minutes) time per core (minutes) time per task (ms) 

MNIST 

5 nodes with 4 TN* 50 41 80 0.74% 

cores per node TF** 8.29 6.95 81.25 0.75% 

4 nodes with TN* 57 40 87.75 0.70% 

5 cores per node TF** 9.31 7.18 83.5 0.74% 

FMNIST 
 

TN* 61.71 27.03 77.52 0.091 

* Theano, ** TensorFlow 
 

 
Fig. 8: Comparison of execution times for the case of 

CIFAR10 not distributed. 
 

 

The faults are extremely identical between each 

backend, just like in MNIST, however, they are much 

more severe in this situation because the network is 

not designed for this database. 

As can be seen, the behavior of the previous cases is 

maintained. In the scenario where CIFAR10 is not 

distributed, Figure 9 compares validation errors by 

epoch. A deep learning model's performance on the 

validation set is measured using a metric called 

validation loss. The dataset's validation set is a 

section set aside to check the model's efficacy. 

Similar to the training loss, the validation loss is 

determined by adding the errors for each example in 

the validation set. 

The similarity between the backends is maintained; in 

this case, the network is much less optimized and the 

errors are much higher in general. 

 

 
Fig. 10: Mean and standard deviation of the validation error in 50 epochs. CIFAR10 Theano (left) and 

CIFAR10 Tensor Flow. (right) 
 

Fig. 9: Comparison of validation errors by epoch 

for the case of CIFAR10 not distributed. 
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C. Evaluation of the performance of the Theano and 

TensorFlow backends using MNIST distributed 

across five nodes with four cores each and four with 

five cores each 

Starting experiments on GPUs was difficult, so they 

were started on CPUs [8]. Theano CPU execution can 

take up to an hour, so instead of ten simulations like 

in the non-distributed case, four were run. Finally, 50 

epochs are ideal for training from the non-distributed 

case, so they will be started immediately. The Spark 

interface reports how many tasks were executed, in 

which core and node, and how many total tasks were 

involved. It also provides task management, 

parallelization, and median execution times across 

tasks and cores. To avoid filling the document with 

images of all executions, images of the Spark 

interface from a Theano backend and TensorFlow 

backend execution will be included, but the data 

representing the averages of all executions will be 

compared. The data to compare will be: 

 The length of time, on average, it has taken to 

complete the execution since Spark launched the 

process. 

 The median execution times averaged across all 

tasks (since each task is executed in a core, it can be 

said that this time is also the mean per core). It will 

be assumed that this data represents the average 

execution time per core even though it actually 

represents the average of medians. 

 The management and distribution time allocated 

to each task in Spark is referred to as "Garbage 

collection time" or GC Time. The average of the 

medians that the experiment yields will also be  

 calculated from this data, but it will be used to 

determine the average management time per task. 

 Finally, each case's mean evaluation error will be 

calculated. 

Theano's management time is low, but its execution 

times are much longer than TensorFlow's (Table 1). 

(one is in milliseconds and the other in the order of 

minutes, respectively). Because they are similar to 

each other and the non-distributed case, the 

computational environment does not affect average 

evaluation errors. The FMNIST experiment will use 

Spark with 5 nodes and 4 cores because it is slightly 

faster across all measured times. 

D. Comparison of performance using the distribution 

that produced the best results for MNIST and 

FMNIST using the Theano backend and TensorFlow 

backend 

We will not go into this case because the neural 

network isn't optimized for FMNIST and the 

probability of error data isn't obtained with the 

network. TensorFlow and Theano simulations were 

run twice for each example to create a comparison 

table with results averages like the previous case. The 

previous experiment concluded that this example 

used five nodes with four cores each. Theano has 

much higher execution times than TensorFlow, but 

the evaluation error is very similar. non-distributed 

case and system management and parallelization are 

negligible compared to execution times. 

III. CONCLUSIONS AND FUTURE WORK 
Theano is more efficient in convolutional neural 

network training times than TensorFlow, even though 

the error is very similar in both cases, despite the 

obvious loss of precision with the FMNIST database 

and even more so with CIFAR10 versus MNIST. 

Thus, Theano is a better backend for executions like 

those in this document. Since the error is constant 

after 50 epochs, more training epochs are not 

recommended. Since we ran the distributed case on 

CPUs instead of GPUs, we can't compare this setup's 

time savings. GPUs in both environments reduce 

resource management and parallelization time, which 

is much lower than execution time. Given the 

significant time difference between using Theano and 

TensorFlow as a backend, we can conclude that 

Theano is not well optimised to launch in a 

distributed environment or over CPUs. In some cases, 

the MNIST execution examples have performed 

better with a configuration of five machines with four 

cores each rather than four machines with five cores 

each. Evaluation error has remained constant for 

Theano and TensorFlow, four-core machines. 

Evaluation errors are similar in distributed and non-

distributed executions. 

It has been demonstrated in this document that 

Theano is not very well optimised when using 

distributed computing through Spark on several 

CPUs. It may be worthwhile to conduct further 

research to determine whether this is because 

resources are distributed unevenly or because Theano 

is being run on CPUs rather than GPUs.   
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 مشكلات البيانات الضخمةتحسين أداء هياكل الشبكات العصبونية الإلتفافية لحل 
 الملخص

،ها ييسجهديييس هأسر   يي هفيي هTensorFlowيههTheanoث يي مه ييمهأأثييةهأبييةهراعييون ةهرالتييفي  مهرةاره ف ييمهعيي ة هيذ يي هأفي هذييالهراسةرسييمهسييررةه   ة ييمه
ا يالهراح ايمهرا حيسس هفي هذيالهراسةرسيم،هيذي هرارليةرهعمياهركةقي ةهرا نريويمهفخيحهرا يسه يمهيرحيسههMNIST لاةه ل  م.هس رةهإسرخسرةهق عس هف   ي ةهح

ذي ه يوييبهوحي ههMNISTإااهرسلم.ه مهركفظلهإسرخسرةهأأثةه مه ث لهالإخرو ةةهفسلاه يمهإسيرخسرةهبةة يمهرا   ة يملهياايقهكمهق عيس هراف   ي ةه
ح ا هيقسهأسهةةهعمه ر  جه  ر ز .هي عهااقه،ه مهأدلهرارسةةبهير س ةه ر  جهسق  م،هرحري  هراعيون ةهرالتيفي  مهرةاره ف يمهإاياهقيسةه عحهف هرايقةهرا

ي .ها يارهراسيفب،هنث يةذره ي ه يردياهخفيةرضهراف   ي ةهراويخ مه  عي أله يمهنف ةه مهراف    ةهاغةضهرةخرو ة،هح ي هسي رةهر  يا ي هو زةيسه يمهراره تي لهلاح ذ
لهرهرا يييب.هن يي ه يييح هيتييعهرا عييةيب،هاييمه  ييسةهف ييحه   ة ييمهق  سيي مها ييارهراسييفبهرحس ييسرت،هفييسلاذه ييمهااييق،هسيي ل لهعميياهر ييس ةه   ة ييمهفيي مهأسرضهذيياذييا

يي هرخرويي ةهق عييس هف   يي ةهDistributed Computingراعييون ةهفيي هف  ييمهراف   يي ةهراوييخ مهو سييرخسرةهراحيسييومهرا يزعييمه أيههFMNIST.هسيي رةهأ وذ
Fashion MNISTيههCIFAR10و سييرخسرةه هييمهرتيي  ةهراعييون ةهرالتييفي  مهرةاره ف ييم ه،ه  يي ه يسييعه بيي بهرا   ة ييمهإايياه يي هولييسهه(MNISTه.

،هيراريي هرسييرخسةهراييسعةهرا ييانيةهKerasهييمهرا  نييلهينييلهذييارههوهويلهإسييرخسرةه نروييمهارةه سييريجهأعميياهرسي اهسي رةهإسييرخسرةه هييمهراخيرةز  ييمه يعه 
را رييرز ه هريياهرا تيسةه ر ديمههGPU .هأتوحهذ  قهزة س هف هراوحي هيراربيةةهف ه د لهربف قهTensorFlowأيههTheanoأعلاله)ف هح ار  ه،ه

ااييق،هلاهريدييسهرالس ييسه ييمهراسةرسيي ةهراريي هرييةهإدةر ذيي هار  يي ةهعميياه د يعيي ةهراف   يي ةهراأف يية .هي ييعههCNNامرأمهييمهراحسيي ف مهرال ا ييمهارييسةةبهعييون ةه
حر يلهس  ةهأسرضهرمقهراربف   ة.هف هذالهراسةرسيم،ه  ي ةمهذيالهراربف  ي ةهول   يمهعفيةه د يعيمهيرسيلمه يمهرا رغ يةرةه،هي  ظيةهنيااقهفي هراحي لاةهرا 

ره مهرا د لاةهرار ه  نمهأ  مه حسمهف   هركسرض.ف   هرارأث ةهعماهرلاسرض،هيف هرا    مه لب هعسسذ

 


