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ABSTRACT 

Generative Adversarial Network (GAN) is a deep learning method that is developed for 

synthesizing data. Area of applications for which it can be used are image-to-image 

translations, Video-to-video translation, and video retargeting. However, to train those 

models there is a need for large amounts of complex paired data which is hard to find. To 

collect datasets, especially when we need a paired dataset is time-consuming and expensive. 

One way to overcame this problem is to collect datasets in one domain and translate it to 

another domain using translation techniques to make it a paired dataset. Various research 

has leveraged enormous in image translation by the use of GANs on an unpaired dataset. 

As far as video translation is concerned, current GAN-based approaches do not entirely 

leverage space-time knowledge in videos. This research examines the idea of using GANs 

for the utilization of spatial-temporal information in a video by extending the unpaired 

video-to-video translations model (ReCycle GAN) to enhance spatial-temporal video 

translation. In particular, previous methods suffer from Object disappearance, Object 

dislocation, and flickering Artifacts.  To Mitigate these issues, this work proposes to add 

feature preserving loss and temporal aware discriminator to the Cycle GAN and ReCycle 

GAN to generate more temporal consistent videos. Extensive qualitative and quantitative 

assessments demonstrate the notable success of the proposed system against existing 

methods. Average human evaluation study has shown that this research excels at 60% 

compared to Cycle GAN and 35% on ReCycle GAN. This paper concludes that adding 

feature preserving constraints and temporal aware discriminator does improve temporal 

coherency of generated output video. 

 

Keywords: Cycle GAN, ReCycle GAN, Spatio-Temporal information, Unsupervised Video-

to-Video translation 
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CHAPTER ONE 

1. INTRODUCTION 

1.1. Background of the Study 

Computer Vision is measured among the most fascinating fields in computer engineering 

and artificial intelligence. The chase of providing machines with a sense of sight that is even 

better than that of humans is keeping researchers busy and motivated. There is an extensive 

range of problems with active research within the field of computer vision, such as facial 

recognition, object classification, scene recognition, and domain transfer. In this thesis, the 

focus is on domain transfer. 

Unsupervised video retargeting is the transference of sequential content information form 

one domain to another while preserving the style of the target domain. Such domain transfer 

could be served in numerous areas including motion translation from one person to another 

person and video colorization – monochrome video to color, and day time video to night 

time video. Recent works[1]–[4] use the generative adversarial network for retargeting and 

image-to-image translation problems. This study aims to extend ReCycle GAN by Bansal et 

al. [1] to improve frame to frame continuity (motion consistency) by introducing additional 

constraints to the network.  

Image transfer is a subproblem of domain transfer that aims to translate or map domain to 

domain. Such domain transfer could be served in numerous areas, including from classical 

language translation to motion translation from one person to another person and video 

colorization. Since this work uses Images and video as input data, we can say that image 

transfer is a process of repainting a given image by style image while preserving original 

contents (for example, Figure 1-1).  

In the year 2018, several artificial intelligence news [5] headlines were screaming about a 

paint drawn 100% by AI sold $432,500 (fascinating, isn't it?). But because of image transfer 

data scientist does not need to buy a hundred-thousand-dollar painting for decorating his 

living room while he can have one when he is home sitting in front of his laptop, marvelous. 

 



2 | P a g e  

 

𝐼𝑛𝑝𝑢𝑡 𝐼𝑚𝑎𝑔𝑒 +  𝑆𝑡𝑦𝑙𝑒 𝐼𝑚𝑎𝑔𝑒 −>  𝑂𝑢𝑡𝑝𝑢𝑡 𝐼𝑚𝑎𝑔𝑒 (𝑆𝑡𝑦𝑙𝑒𝑑 𝐼𝑛𝑝𝑢𝑡) 

 

Figure 1-1(a) input image. (b) style image. (c) output image. 

Source: Adapted from [6] 

Perhaps, the first successful neural style transfer paper was published in 2015 by Gatys et 

al. [7]. After this work, many researchers came with a more realistic synthetic image. 

Pix2Pix [3] introduces with a supervised image-to-image translation, but Pix2Pix needs 

paired data for training which is expensive and unlikely –needs paired data examples from 

both domains to learn. Other finest GAN paper Cycle-GAN by Zhu et al. [2] presents the 

unsupervised image to image transfer to overcome the Pix2Pix problem due cycle 

consistency –If I take an input image of a horse, feed it to the translation network it generates 

a zebra image then take the output image as an input again run the second transformation.  I 

expect to get the same horse image I started with. Cycle-GAN place foundation for 

unsupervised image transfer problem in computer vision. 

Video-to-video translation is a natural extension of an image-to-image translation (since the 

video is a sequence of images). Recent[1], [8]–[10] works use the generative adversarial 

network for retargeting style transfer and, images to image translation problems. This work 
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aims to extend video-to-video translation to the improved frame to frame continuity (motion 

consistency) by introducing additional constraints to the network. 

In order to clearly understand this thesis research question, we need to have a brief 

introduction to the following topics. A more detailed discussion will be held in the 

proceeding section.   

Source: Adapted from[1] 

1.1.1. Generative Adversarial Networks 

GAN (Generative Adversarial Networks) fit into the conventional algorithms 

called Generative models. The term 'generative' refers to the fact that these networks can 

learn how to produce data samples that are similar to real ones in the training dataset [11]. 

It is a sub-set of ML which aims to study algorithms that learn the data distribution of the 

given data, deprived of specifying a target value. This method builds upon the success of 

using deep neural networks in content generation. 

Generative adversarial networks are collected of two networks work against each other in a 

zero-sum game framework [11]. The first network is called a Generator. The goal is to 

produce new data close to that of samples from real datasets. The Generator could act as a 

human art forger, which creates fake works of art.  

The second network is entitled, Discriminator. This model aims to recognize if an input data 

is ‘real’ — goes to the original dataset — or if it is ‘fake’ — generated by a falsifier 

generator network. In this scenario, a Discriminator is corresponding to the law enforcement 

agent (or an art expert), which tries to spot artworks as truthful or fraud. Successful training 

of a GAN requires reaching an equilibrium state between two opposing objectives, unlike 

Figure 1-2 Cycle Gan vs Recycle GAN 
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CNN or Long Short-Term Memory (LSTM) where the training objective is to minimize or 

maximize the value of a single loss function. 

Conditional GAN: The conditional GAN [12] is an extension of the [11] original vanilla 

GAN, by introducing a conditioning variable into both generator and discriminator network. 

So instead of generating random data, the newly introduced condition variable would allow 

generating a particular data distribution specified by the conditioning variable. Mainly, the 

random noise input to the generator has been concatenated with a variable specifying the 

condition to generate the fake data, meaning to generate the fake data cGAN use random 

noise and newly introduced conditional variable. 

Video-to-video transfer: Video-to-video transfer is a domain transfer problem that aims to 

transfer sequential content information form one domain to another while preserving the 

style of the target domain. Current approaches for domain transfer categories broadly into 

three classes. Early techniques use classical computer vision mechanism work specifically 

designed for particular body parts such as the human face [13] they lack generalization and 

does not work well if there is occlusion.  The second approach use paired image-to-image 

translation such as Pix2Pix -in an image it takes a pixel then converts by another pixel. Isola 

et al. [3] use conditional GAN [12], learn a mapping between paired input to the output 

image. The third category is unsupervised and unpaired data domain transfer like Cycle-

GAN [2], which enforces cycle consistency for the unpaired image. 

The recent state of artwork work ReCycle-GAN by Bansal et al. [1] motivated by [2] 

proposes video retargeting via spatiotemporal constraint though directly synthesizing future 

frames via temporal predictor to preserve temporal continuity. Bansal et al., clams video-to-

video translation is still under constraint since their work result shows of video-to-video 

transfer has very flickering output. This thesis work proposed to extend Bansal et al., work 

to improve temporal continuity between adjacent consecutive frames by introducing 

additional temporal cycle consistency constraints also proposes to introduce Spatiotemporal 

video-to-video translation for better realistic results. 
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1.2. Motivation of the Study 

Recent deep learning achievement is due to the abundance of the enormous amount of data 

available nowadays. However, still, there is a big problem to collect data especially when 

there is a need for paired data set (such as day and night) since capturing datasets in two (or 

more) completely different environments is a cumbersome task. Domain transfer could be 

the mechanism to overcome such problems. After the first paper on GAN by Goodfellow et 

al. [11], GAN has been used in a wide range of areas for numerous applications and image-

to-image translation maybe is the significant one. Advancement in GAN enables scientists 

and researchers to create fake images indistinguishable from real ones[14][15]. This 

advancement is applicable in automated content generation such as multimedia content 

generation, photo editing, game graphic/scenery design, and cinematic effects. 

By extending the image translation idea, various researchers propose a number of 

approaches for the video-to-video translation network to learn both spatial and temporal 

domains but failed [16] to Achieve the potential found by image translation networks. 

Generally, currently used video-to-video translation networks, prone to object disappearance 

problems, and arbitrary strange motion on the generated videos make translated videos more 

unrealistic. This work tries to solve these problems by extending the solutions presented in 

previous works. 

1.3. Statement of the Problem 

Problem formulation: Inspired by recent work Recycle-GAN in the unpaired video-to-

video translation, the notion of a research problem is as follows. Assume two videos archives 

in source and target domain 𝑋 = {𝑥}𝑡=1
𝑇  and 𝑌 = {𝑦}𝑥=1

𝑇  respectively, cycle constraint 

enables an image-to-image translation in mutually frontward and backward mapping. There 

are two mapping functions 𝐺𝐴𝐵 𝑎𝑛𝑑  𝐺𝐵𝐴 mapping from domain 𝑋 → 𝑌 and 𝑌 → 𝑋 

correspondingly form target domain to source and vice versa. 𝐺𝐴𝐵(𝑥𝑡) = 𝑥𝑡̃ where 𝑥𝑡 is 

input video frame at time 𝑡 and 𝑥𝑡̃ is a synthetic frame in 𝑋 domain same is true in 𝑌 domain. 

Cycle consistency constraint 𝐺𝐵𝐴(𝑥𝑡̃) = 𝑥𝑡̃̃ so then 𝑥𝑡̃̃  ≈  𝑥𝑡 as well as 𝐺𝐵𝐴(𝑦𝑡̃) = 𝑦𝑡̃̃ so then 

𝑦𝑡̃̃  ≈  𝑦𝑠.  

Besides the preservation of cycle consistency in each frame, this work explores mapping 

temporal consistency between consecutive frames in both domains. Meaning considering an 
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optical flow between  𝑥𝑡 and 𝑥𝑡+1 is 𝑓𝑡 and optical flow between 𝑥𝑡̃̃  𝑎𝑛𝑑 𝑥𝑡+1̃̃  is 𝑓𝑡̃
̃  , then, 

temporal cycle consistency need to enforce motion consistency via minimizing the 

difference between 𝑓𝑡  𝑎𝑛𝑑 𝑓𝑡̃
̃ . Recycle-GAN [1] claims “video-to-video translation is under 

constraint”. this work proposes toward adding temporal cycle consistency constraint to the 

extended video-to-video translation to see more coherence in its result. To do so, an 

extensive experimental attempt was made with the purpose of answering the research 

questions. 

1.4. Research Questions 

This work intends to answer the following research questions.   

RQ1. What are the appropriate temporal consistency constraints for the unpaired 

video to video translation?  

RQ2. Can adding temporal cycle consistency constraints improve temporal 

coherency for video translation? 

RQ3. What is the effect of temporal discriminator regarding improving unsupervised 

video-to-video translation? 

1.5. Objectives of the Study 

1.5.1. General Objective 

The general objective of the study is to incorporate a temporal cycle consistency constraint 

for video-to-video translation to the ReCycle GAN network. 

1.5.2. Specific Objectives 

The following specific objectives are addressed to achieve the general objective. 

» To identify learning constraints to improve temporal coherency for video to video  

translation. 

» To embed feature preserving loss to Cycle-GAN. 

» To modify the discriminator network to make it aware of temporal information. 

» To add learning constraints to the Cycle-GAN and ReCycle-GAN networks. 
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» To Evaluate the performance of the model using inception score and human 

evaluation study. 

1.6. Scope of the Study 

The scope of the thesis work within the given time and resource includes: - 

» Translate a given domain video (sequence of image) to another domain. 

» Add learning constraints to Cycle-GAN and the ReCycle-GAN network. 

» Blend spatial information to temporal information to improve the consistency of 

video-to-video translation. 

1.7. Limitation of the Study 

This thesis work does not cover the following due to time and resource limitations. 

» The one-to-many video-to-video translation is not a part of this work. The network 

is trained to translate from one domain image to another domain, which is a one-to-

one correspondence. 

» The video does not zoom in or out throughout the whole process. 

» This work does not consider the object occlusion problem. 

1.8. Organization of the Thesis 

The remainder of this thesis is organized as follows:  

Chapter Two: discusses the background literature and related works regarding image-to-

image translation, video retargeting, and video-to-video translation. This chapter also 

elasticities the theoretical framework of Deep Learning and Generative Adversarial 

Network. 

Chapter Three: features the research methodology, including different methods and 

techniques used to develop the solution and select the appropriate one. Data collection 

method, design tools, prototype development framework and platforms, and evaluation 

methods are also discussed 
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Chapter Four: will cover points about the proposed learning function in detail. Model 

Architecture and pseudocode for implementation, and learning functions mathematical 

correspondent descriptions have been made. 

Chapter Five: Explains how the desired proposed solution is implemented. and the working 

environment setup, cycle-GAN implementation, with training implementation described 

using snip code. 

Chapter Six: The obtained testing result from Temporal Cycle consistency for a video-to-

video translation model is presented and Compare with the other related work in order to 

have the best judgment. 

Chapter Seven: Concludes the research and provides directions for possible future work. 
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CHAPTER TWO 

2. LITERATURE REVIEW AND RELATED WORKS 

2.1. Introduction  

In the early days, the software was hard-coded with commands and rules represented in a 

mathematical formula. Those methods short-handed as they attempt to simulate 

sophisticated real-world situations and data. To solve this scarcity another software 

development paradigm emerges which asks whether the machine can understand as humans 

by having cognitive taught called Artificial intelligence or AI. AI has made a lot of 

improvements in recent years, allowing AI applications completely capable of gathering and 

extracting data to learn from the knowledge sequence called machine learning [17]. 

Machine learning (ML) is a vast research area with diverse learning capacities and it keeps 

to grow. From different learning capabilities of machine learning, unsupervised learning is 

one of them. This learning type is the task of clustering unorganized data to organize them 

based on the information they composed.  Another kind of machine learning is supervised 

learning, unlike the unsupervised approach, for every data input there is a corresponding 

output label (𝑥, 𝑦), the network task is to learn how to map from input 𝑥 to it label 𝑦 in 

testing time (R.B. data is paired dataset). Semi-supervised learning is another kind of 

machine learning approach when some section data is labeled and the rest section is 

unlabeled. Even ML plays very tremendous work, in recent days, but it still fails to process 

complex data like image and video. So as to work with such complex data types Deep 

Learning is an alternative which subfield of machine learning. 

Deep learning (DL) is another mechanism of learning from data in sequential filter layers 

while the previous approaches learn from data representation. DL filter present data 

information one in terms of another which build a hierarchical ordered of features.  These 

features enable us to extract high-level features. The first emerged deep learning was the 

artificial neural network ANN [18]. Convolutional Neural Network (CNN) was introduced 

by Yann LeCun [19] in 1989 to recognize handwritten digits but the lack of a large dataset 

and low computing capability at a time limit its popularity. CNN bloom after Alex-Net [20] 

notch a significant win in the ImageNet contest in 2012 using the CNN image classifier 

network. Alex et al work opens many scientists and researchers eye to the power of deep 
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learning.  Today high-performance models and networks are designed for face detection, 

object classification, and recognition. 

CNN models score a high success on classification models, classification models are tasked 

to predict label 𝑦 for given input 𝑥. In other sense, Generative models are the Multiplicative 

reciprocal of classification networks. The most impressive new emerging deep learning 

approaches are Generative models. these models are trained to learn the essence of the data 

distribution to generate fake samples that are similar to real ones.  GANs application is a 

very broad image-to-image translation, and video-generation can be some examples of its 

application area.  

GAN introduced by Goodfellow et.al in 2014 [11] the model consists of two stand-alone DL 

networks named Generator and Discriminator model which have fight one another in an 

adversarial relationship1. Hence the discriminator plans to distinguish fake samples 

𝑝(𝑧) from the real input data 𝑝𝑑𝑎𝑡𝑎(𝑥). 

 

1 Some authors see GAN in other perspective rather adversarial: collaboration of two networks to mimic a give  

real data distribution. 

Figure 2-1 GAN framework structure GAN: Discriminator 𝐷(x) and Generator 𝐺(z) 
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Oppositely the generator network is all about generative fake samples as good as the real 

ones. During training, both models update their weight to improve until Nash-equilibrium is 

reached.  The next section discusses the detail inside of GAN.   

2.2. Inside GAN 

Let’s see the detail inside of GAN. As discuss GAN in the previous section, GAN consists 

of two independent networks Generator and Discriminator as shown in Figure 2-1, which 

are represented by differentiable functions concerning each network’s input and parameters. 

The discriminator is defined by a function 𝐷(𝑥) where 𝑥 (observed variable) is the input 

which is a real dataset. 𝐷(𝑥) gives the likelihood that 𝑥 came from 𝑝𝑑𝑎𝑡𝑎 (real distribution) 

rather than 𝑝(𝑧) (fake distribution). It is a binary classifier with two classes, when 𝑥 is real 

the probability is 1 and when 𝑥 is synthetic the probability is 0. The discriminator can be 

seen as a typical CNN that transforms a 2- or 3 (grayscale or RGB) dimensional matrixes of 

pixels into probabilities.  

The generator 𝐺(𝑧) accepts input from a random noise distribution  𝑝(𝑧) where 𝑧 (latent 

variable) is the input and generates an image as its output 𝑥𝑓𝑎𝑘𝑒. The generated image is fed 

into the discriminator network 𝐷(𝑥), which attempts to classify the image as real or 

generated by 𝐺. The result of the classification is backpropagated to the generator to help it 

learn how to produce images with a closer representation of the input data.  

The loss function used in training the networks is formulated as [11]:  

Ladv =
𝑚𝑖𝑛

𝐺

𝑚𝑎𝑥

𝐷
𝐸𝑥𝜖𝑋(log 𝐷(𝑥)) +  𝐸𝑥𝜖𝑍(log (1 − 𝐷(𝐺(𝑧)))) 

eq.( 2.1) 

The generator can be seen as a kind of reverse CNN. It takes an 𝑧-dimensional vector of 

noise and upsamples it to an image using transposed convolution(transconv) to be specific 

transconv is a convolutional upsampling. Conceptually, the discriminator in GAN provides 

guidance to the generator on what images to create implicitly in the training process. Now 

we can discuss how to train the GAN network. 
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2.2.1. GAN Training  

Machine learning is all about generalization in which the model learns from real-world 

examples so that it can predict the test set accurately. No difference for GAN, training is all 

about the process of learning to mimic the real dataset samples. Unlike many deep learning 

models, training is a bit tricky [21]  so let us dive into it. However, before that, let sees an 

adversarial conflict between discriminator and generator.  

The Discriminator’s goal is to be as precise possible (binary classification). For the real 

examples 𝑥, 𝐷(𝑥) seeks to get as real as possible to 1 (label for the positive class). Meaning 

𝑥𝑓𝑎𝑘𝑒 , 𝐷(𝑥𝑓𝑎𝑘𝑒) attempts to converge 0 as possible (label for the negative class). 

The Generator’s goal is the reverse. It tries to find a way to fool the discriminator by 

producing fake example 𝑥𝑓𝑎𝑘𝑒 that are alike from the real data in the training dataset. 

Mathematically, the Generator strives to produce fake examples 𝑥𝑓𝑎𝑘𝑒 such that 𝐷(𝑥𝑓𝑎𝑘𝑒) is 

as close to 1 as possible. 

Table 2-1 Generator goal vs discriminator goal 

Generator 𝑥𝑓𝑎𝑘𝑒 such that 𝐷(𝑥𝑓𝑎𝑘𝑒) is as close to 1 as possible. 

Discriminator 𝑥𝑓𝑎𝑘𝑒 , such that 𝐷(𝑥𝑓𝑎𝑘𝑒) tries to be as close as possible to 0. 

Now let’s back to GAN and see pseudocode for training GAN (R.B its iterative process) 

I. Train the Discriminator: 

a. Take a random mini-batch of real examples: 𝑥. 

b. Take a mini-batch of random noise vectors z and generate a mini-batch of fake 

examples: 𝐺(𝑧)  = 𝑥𝑓𝑎𝑘𝑒 . 

c. Compute the classification losses for 𝐷(𝑥) and 𝐷(𝑥𝑓𝑎𝑘𝑒), and backpropagate the 

total error to update 𝜃(𝐷) to minimize the classification loss. 

II. Train the Generator: 

a. Take a mini-batch of random noise vectors z and generate a mini-batch of fake 

examples: 𝐺(𝑧)  = 𝑥𝑓𝑎𝑘𝑒 . 

b. Compute the classification loss for 𝐷(𝑥𝑓𝑎𝑘𝑒), and backpropagate the loss to 

update 𝜃(𝐺)  to maximize the classification loss.  
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Unlike other deep learning training notice that in step 1, the Generator’s parameters are not 

updated intact while training the Discriminator. Similarly, the Discriminator’s parameters 

intact while in the Generator session[22]. The reason GAN allows updates only to the biases 

and weights of the network being trained is to isolate all deviations to only the constraints 

that are under the network’s control. This guarantees that separately generator and 

discriminator get relevant signals about the updates to make, without interacting from the 

other’s updates meaning each two players taking turns to update their weights. This process 

continues until the Nash equilibrium. 

GAN is based on the adversarial game between two networks. In short, if the Generator wins 

the Discriminator loses and vice versa if the other wins. In-game theory, the Generative 

network converges when the generator and the discriminator hit the Nash equilibrium. This 

is the optimum point for the GAN loss min-max function eq(2.1). Regarding GAN at Nash 

equilibrium discriminator no longer able to distinguish between real and fake samples so it 

randomly classifies (𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  50%).   

Source: Adapted from[22] 

2.2.2. Conditional GAN 

Even though GAN models are able to produce new random possible examples for sample 

data, there is no way to identify the types of images generated. However, in order to imitate 

Figure 2-2 Conditional GAN Architecture 
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the original data set and images, the network seeks to define the composite relation between 

the latent space inputs in the generator.[11], [23].  

Mirza et al. propose The conditional generative adversarial network, or cGAN [12] for short, 

which is a type of GAN that involves the conditional generation of images by a generator 

model. Image generation can be based on the label of the class 2. It requires the Generator 

network to produce only the target class of frames of a given form by a conditional variable. 

The conditional variable 𝐶 is fade to the generator and discriminator networks as shown in 

Figure 2-2 above. This work unlocks opportunities for many fascinating research topic like 

image-to-image translation, style transfer and video retargeting [1], [3]. The next section 

will discourse about Image-to-image translation.   

2.3. Image-to-Image Translation 

Let start with Abto software AI software company from Europe say about the image-to-

image transfer when they announce their research product “you may hear A magician can 

make his trick with just a wave of a magic wand, but its old news. Here in our lab, our 

engineers can make their magic with just one click! Interested, how the same winter 

landscape would look in summer” [24] I was wondering too, winter to summer absolutely 

fascinating.  

Recent advancements in GANs [11] empowers image-to-image transfer models to create 

realistically looking [2], [3], [25], [26] adapted image (Figure 2-4 B show image-to-image 

transfer from sunny to rainy). The image-to-image translation aims to learn a mapping 

function between the input image and out image in different domains. When we talk about 

Image-to-Image basically learning involves the precise modification of an image while 

preserving contain information and it requires large datasets of paired images that are 

complex to prepare, meaning the dataset should contain images that are one to one 

correspondence as shown in Figure 2-4. The primary difficulty in the image-to-image 

translation is they need paired data set for training, but in reality, doing so is very expensive 

and not scalable, but some work achieves good results. Pix2Pix[3] is one of them, which is 

a conditional Generative model by Isola et al. train in a supervised manner using a paired 

 

2 conditioning variable C could be any type of information. Like Image, tabular information or…. 



15 | P a g e  

 

dataset that fits into a supervised image-to-image translation. Pix2Pix as the name indicates 

it learn to map pixel from the first image to the second one.   

  

Figure 2-3 Amharic to English language translation using google translator. 

Because in reality pair datasets are very rare and expensive Zhu et al. [2] came up with Cycle 

GAN which was invented to learn bidirectional mapping in the absence of paired training 

data via Cycle consistency loss. Cycle Consistency loss utilizes to learn transformation 

between two domains in a frontward and backward fashion. Cycle consistency constraint is 

not a new idea; in fact, it is very old news in natural language processing. The following 

example gives a simple illustration. Assume using language translation from Amharic 

(ኣማርኛ) to English in both directions. When the user input “ስም አበበ ይባላል፡፡” the model 

should generate “My name is Abebe” perhaps if the user translates “My name is Abebe” to 

Amharic back again it should generate the original text “ስም አበበ ይባላል”. Meaning the 

difference between the original text and regenerated text should be minimum. Google 

translator has been used to demonstrate this example, as shown in Figure 2-3. The loss of 

the network in this instance would be the difference between “ስም አበበ ይባላል” and “አበበ 

እባላለሁ”. The general architecture of Cycle GAN contains two generators and discriminators 

for each domain. Where one generator translates from domain A to B while the others do 

the reverse. Let us see it in a bit detail using Table 2-2. 
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Table 2-2 Cycle GAN generator and discriminator operation. 

𝐺𝐴𝐵 Translate from 𝐴 to 𝐵 𝑥−> 𝑥̃ 

𝐺𝐵𝐴 Translate from 𝐴 to 𝐵 𝑦−> 𝑦̃ 

𝐷𝐴 Classify real 𝐴 and fake 𝐵̃ 1 for 𝑥, 0 for 𝑥̃ 

𝐷𝐵 Classify real 𝐵 and fake 𝐴̃ 1 for 𝑦, 0 for 𝑦̃ 

x and y are a real image from domain A and B respectively. 

 while  𝑥̃ and 𝑦̃ are generated images from 𝐺𝐴𝐵
and 𝐺𝐵𝐴

 respectively. R.B 𝑥̃ is in domain B 

where 𝑦̃ in domain A 

The loss function of the network could be formulated as: 𝑚𝑖𝑛 ∑ ||𝑥 −  𝐺𝐴𝐵
(𝐺𝐵𝐴

(𝑥))|| 

meaning translate a given image are  𝑥 and reconstructed image 𝑥̃̃ the difference should be 

the minimum (𝑥 ≈ 𝑥̃̃ ) . 𝑥̃̃  Input image 𝑥 translated to another domain and retranslated back 

to its original domain. Ahead of image transformation across domain video-to-video 

translation is an additional extension.  

Source: Adapted from [3] 

2.4. Video-to-Video Translation 

Video-to-video translation is a natural extension of an image-to-image translation. 

Translating video points toward learning the appearance of objects in a scene and realistic 

motion movement between successive frames. A straightforward way to video-to-video 

translation carry out the image-to-image translation in each frame of input videos without 

considering those frames that have a relation between them. This approach is non-trivial 

Figure 2-4 (A) pair shoe dataset sample from Pix2pix, (B) Sunny to Rainy translation  
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since this is key issues that underlie the flickering [4], [16] effect in the output video. To 

overcome the flickering effect, Chen et al. [4] consider temporal information along with 

spatial information. Specifically, they exploit previous frame optical flow to warp the current 

frame towards imposing temporal constraints. Let see what temporal information and 

different mechanism to extract. But before that it worth a brief discussion about the problem 

in current approaches. 

2.5. Problems in Translation Networks 

As discussed in previous sections, video-to-video translation is an immediate extension of 

image translation, so every limitation of image translation is extended correspondingly. 

Furthermore, Object disappearance, Object dislocates, and Artifacts [9], [27]–[31] are the 

most common problems for video translation. 

Let say there are two generators 𝐺𝐴𝐵 and 𝐺𝐵𝐴to translate from one domain to another domain 

and two discriminators 𝐷𝐴 and 𝐷𝐵, where 𝐺𝐴𝐵 trained to translate from 𝐴 to 𝐵 and 𝐺𝐴𝐵from 

𝐵 to 𝐴. and discriminators 𝐷𝐴and 𝐷𝐵 to classify between real and fake in both domains. 

Video 𝑋 and  𝑌 are sample videos from respective domain 𝐴 and 𝐵.  

𝑋 =  {𝑥1, 𝑥2, 𝑥3 … , 𝑥𝑛} where 𝑥𝑖 are the ith frame of video 𝑋. 

Each frame may contain various objects. {𝑂𝑥𝑡
1 , 𝑂𝑥𝑡

2 , 𝑂𝑥𝑡
3 … 𝑂𝑥𝑡

𝑛 } 𝜖 𝑥𝑡 Objects in a frame can 

be seen as a group of connected pixels. 

» Artifacts: An image frame artifact is any element that occurs in the picture that is not 

present in the initial picture set.  

» Tide Spatially to the input: The optimizer is required to learn a solution that is 

strongly similar to the input due to the reconstruction loss on the input itself. 

» Object disappearance: is a problem object 𝑂𝑖 in a given video frame 𝑥𝑡 in domain 𝐴 

shall also appear in translated appear 𝑥t̃ in another domain image. meaning if a car 

appears in 𝑥𝑡 is should also appear in 𝑥t̃. Mathematically, 

𝑖𝑓 {𝑂𝑥t
𝑖 } 𝜖 𝑥t, 𝑡ℎ𝑒𝑛 {𝑂𝑥1̃

𝑖 } 𝜖 𝑥t̃𝑤ℎ𝑒𝑟𝑒: 𝑥t̃ =  𝐺𝐴𝐵(𝑥𝑡) 
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» Object dislocation3: happen when an object 𝑂𝑖 in frame 𝑥𝑡  from a domain 𝐴 changes 

its position when translated in 𝑥t̃ domain 𝐵. Object dislocation also can be seen as 

an abrupt object movement.  Mathematically,  

𝑖𝑓 {𝑂𝑥t
𝑖 } 𝜖 𝑥t& 𝑙𝑜𝑐𝑎𝑡𝑒 [(𝑎1, 𝑏1)

− (𝑎2: 𝑏2)] 𝑡ℎ𝑒𝑛, {𝑂𝑥1̃

𝑖 } 𝜖 𝑥1̃ 𝑠ℎ𝑜𝑢𝑙𝑑 𝑙𝑜𝑐𝑎𝑡𝑒 𝑖𝑛 [(𝑎1, 𝑏1)

− (𝑎2: 𝑏2)]  

𝑤ℎ𝑒𝑟𝑒: 𝑥t̃ =  𝐺𝐴𝐵(𝑥𝑡), 𝑎 & 𝑏 𝑎𝑟𝑒 𝑠𝑝𝑎𝑡𝑖𝑎𝑙 𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 𝑖𝑛 𝑥 𝑎𝑛𝑑 𝑦 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛  

The problems described above are appropriate for the problem of translation, where Spatio-

temporal information is not leveraged fully. 

Source: Adapted from [32] 

2.6. Temporal Information  

Temporal refers to time-domain, wherein a computer vision case, it can be seen as a relation 

between the sequence of frames in the video, while Spatial refers to RGB space. 

Spatiotemporal or Spatio-temporal is used in the study of information as data is gathered 

over time and space. Straight forward approaches generally fail because they cannot 

consider both domains. Temporal information for video can describe a phenomenon in a 

 

3 Object dislocation in a situation like face to face translation wouldn't be a question.  

Figure 2-5 Detection of the optical flow in three consecutive images. 



19 | P a g e  

 

particular pixel location with position change in time. For a video-to-video translation, there 

are various options to represent motion information. The next section would discuss those 

topics for illustration. The extraction of time knowledge can be split into two separate 

groups. One explicit temporal information extraction: this kind of network operates in such 

a way that the model extracts temporal information directly, such as optical flow and pose 

estimation. Then the model imposes temporal information on the generated frame. The other 

tacit does not explicitly collect temporal knowledge but aims to learn temporal dimension 

through specially modeled learning layers of the model. Examples could be 3D Conv-nets, 

RNNs, and temporal constraint models. Indeed, some of the works have been done to blend 

the above techniques, such as Park et al. [33].  

2.6.1. Optical Flow 

Optical flow is the change of structured pixels with specific intensity in successive images, 

or in other words, optical flow is the motion of objects among successive frames, caused by 

the relative movement among the object and camera. This make optical flow an ideal for 

encoding temporal information [1], [33], [34]. 

Figure 2-5 shows three sequence images, and in the next row shows the Optic flow between 

the modification in these images over a vector field. The research underlines the precise, 

pixel-wise estimation of optical flow, which is a computationally challenging task.  

Nowadays, better computational resources and Recent advancements in Deep learning 

enable researchers to estimate optical flow [35], [36]. Generally, such approaches take two 

video frames as input to output the optical flow (color-coded image), which may be 

expressed as (𝑢, 𝑣)  =  𝑓(𝑥𝑡−1, 𝑥𝑡) where 𝑢 is the motion in the 𝑥 direction, 𝑣 is the motion 

in the 𝑦 direction, and 𝑓 is a neural network that takes in two consecutive frames 𝑥𝑡−1 (frame 

at time = 𝑡 − 1 ) and 𝑥𝑡 (frame at time = 𝑡) as input. 

Computing optical flow with deep neural networks [35], [36]  requires vast amounts of 

training data which is principally hard to obtain. This is because marking optical flow video 

footage requires a detailed finding of the precise motion of each point of a frame to the 

precision of the subpixels. To address the issue of labeling training data, many research 

works, [35]–[37] used computer graphics to simulate massive realistic worlds. Since virtual 

worlds are produced by complex computer instruction, the motion of each and every point 
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of an image in a video sequence is known. Some examples of such include MPI-Sintel [38], 

an open-source CGI movie with optical flow labeling rendered for numerous sequences, and 

Flying Chairs [37], a dataset of numerous chairs hovering around random backgrounds both 

generated from the virtual world using Computer Graphics. 

2.6.2. Pose Estimation 

Human pose estimation can be framed as the problem on the localization of key points like 

eye, nose, elbows, wrists, etc. in images or videos frequently referred to as human joints. It 

is also known as the exploration of the overt position of all articulated poses in space. 

Basically, pose estimation translate used in transferring motion from a deriving video to 

derived object in a video.  

(left) driving video, (middle) extracted pose from driving video and, (right) generated 

video using estimated pose.  

Source: Adapted from[39] 

Mainly human pose estimation is used in transferring motion from one person to another as 

used [39][40], to transfer motion between different domain videos specifically for animating 

static image by driving motion as shown in figure 2-6 [41] and facial expression transfer 

[42] between source and the target person. 

There are two types of pose estimation classical and deep learning; the former is all about 

represents an object by a group of "parts" organized in a deformable configuration, and 

Later, ConvNets was commonly embraced as their core building block. They largely replace 

hand-crafted features & graphical models perhaps this approach has returned drastic 

advances on standard benchmarks.  

Figure 2-6 Pose extraction to transfer pose. 
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2.6.3. 3D Convolutional Tensor 

The 3D convolutional tensor mechanism is one of the orthodox methods, which basically 

does not consider temporal information explicitly. Since it considers presenting a video 

scene [27] as a 3-dimensional tensor meaning it takes the whole video as input, and the 

network eventually learns the relation between consecutive frames to preserve temporal 

consistency implicitly. In due course, this approach is not used frequently because of two 

fundamental reasons requires a high-efficiency machine, and the network becomes an 

entirely black box, which means hard to tune parameters principally done in training deep 

learning models. 

2.6.4. Recurrent Temporal 

Recurrent neural networks or RNNs are a type of neural network inherently ideal for 

analyzing data from time-series, and other sequential figures make it ideal for video analysis. 

Possibly it overcomes the black-box nature of 3D Conv nets by adding an additional 

parameter to tune the network. Recent works consider using LSTM (Long Short Time 

Memory.) which takes into account all previous frames as an input to minimize temporal 

residual error [34]. 

2.7. Related Works 

In the previous section, the temporal information (motion information) extraction 

mechanism is discussed. However, since video consists of both temporal and spatial 

information, let's discuss various related works mechanisms to get the advantage over an 

early approach (spatial only). Hence instead of applying Spatial information only (meaning 

split a video as a sequence of images and apply for domain transfer on each, then stitch them 

back) by assuming frame constraint has no relation [2]. This approach is non-trivial since 

the key issues which motivate the problem listed in Section 2.6. the results output video [4], 

[16].  

To overcome the flickering effect, Chen et al. [4] consider temporal information along with 

spatial information. Specifically, they exploit previous frame optical flow to warp the current 

frame to impose temporal constraints, but this paradigm prone to occlusion and fast 

illumination change (since optical flow does not consider newly introduced pixels in the 

given frame scene). Unsupervised Video-to-Video Translation paper by Bashkirova et al. 
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[27] models temporal information using a 3D convolutional layer embedded on Cycle-GAN, 

their result shows better color preservation and less artifact compared to Cycle-GAN but, 

the model black-box nature makes it hard to train. Nevertheless, the result shows a lack of 

robustness to different video lengths. 

Video-to-Video Translation with Global Temporal Consistency [34] by Wei et al. further 

extend the optical flow frame warping network, the authors present a mechanism focusing 

on the video-level consistency by residual error based on two-channel discriminator to 

minimize the total Mean absolute (L1) distance between the optical flow map of consecutive 

frames eventually this approach failed on longer video and result failed in fast motion videos 

since the network constrained to minimize temporal difference along with the whole video. 

Another fine work by Chen et al. [8]  MoCycle-GAN introduces motion guided Cycle GAN 

to transfer estimated motion between domains. This work is explicitly designed in two way 

network by splitting spatial, and temporal information separately. The spatial network is 

Cycle GAN and the temporal network is a motion translation network. This work also relives 

the temporal cycle constraint for motion reconstruction. Even if an explicit motion 

translation network is a blessing, the model parameter increased enormously. Another pitfall 

of this work is the network relay on cycle constraint to content translation. 

The current state of artwork [1] ReCycle-GAN further extends cycle consistency constraint 

by intercorporate it with a temporal predictor network to predict over spatiotemporal 

predictor. though directly synthesize future frame via temporal predictor to preserve 

temporal continuity is still under constraint. The under constraint problem in ReCycle GAN 

work result in undesirable motion on generated video.  

Another recent quality work by Park et al. [33] proposes an optical flow warping ground 

truth and content loss on frame mechanism to guarantee the consistency to overcome the 

temporal flickering and motion inconsistency between frames. Temporal flow consistency 

is another count of this work, which basically excellent if the two domains are similar in 

nature, but has no much impact on slightly different motion videos. 
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2.8. Summary of Related Work  

the following table illustrates a summary of previous works on the video-to-video translation4.  

Table 2-3 Previous works summary on the video-to-video translation. 

Related papers 
Dataset (Data 

collection) 
Architecture 

Temporal 

information 

modeling. 

Temporal 

constraint 

applied on 

Evaluation 

metrics used 
Limitation 

Unpaired Image-

to-Image 

Translation Using 

Cycle-Consistent 

Adversarial 

Networks[2] 

Cityscapes, Horse 

to Zebra, Apple to 

Orange, Summer 

to Winter 

Yosemite. 

Cycle 

Consistency 

Constraint. 

No temporal 

Information is 

considered. 

- FCN, IS 

Framewise 

image-to-image 

translation. 

Unsupervised 

Video-to-Video 

Translation [27] 

Volumetric 

MNIST, GTA 

segment to video 

and MRI-to-CT 

3D Cycle-GAN 

The network 

implicitly learns 

from input video 

(3D-Conv- net) 

- 

Human 

evaluation, pixel 

accuracy, and L2 

error between 

original and 

retranslated image 

3D tensor fails for 

temporal learning 

consistency 

between frames, 

fixed-length 

video. 

 

4 These present papers are only substantial papers that directly relate to thesis work, and all are from 2017 onwards. 



24 | P a g e  

 

Video-to-Video 

Translation with 

Global Temporal 

Consistency[34] 

DAVIS 2017 

RNN based 

Cycle-GAN, and 

RNN based 

Discriminator for 

global temporal 

consistency 

Optical flow, 

temporal residual 

error minimizer 

Generator + 

Discriminator 

Network 

 

Peak Signal to 

Noise Ratio, 

Region Similarity, 

and Contour 

Accuracy 

Complex 

architecture hard 

to train. 

Inappropriate for 

in videos contain 

fast object 

motion. Not work 

for long videos. 

MoCycle-GAN: 

Unpaired Video-

to-Video 

Translation  

MoCycle-GAN 

[8] 

Flower video and 

viper dataset 

Cycle-GAN with 

motion translator-

based motion 

cycle consistency 

Optical flow with 

motion translator 

network 

Generator 

Network 

Human 

evaluation, IoU, 

pixel accuracy, 

Average class 

accuracy 

Explicit motion 

translator, and no 

content 

translation 

Recycle-GAN: 

Unsupervised 

Video 

Retargeting: 

ReCycle-GAN [1] 

Viper, face, and 

flower datasets 

(more than 10,000 

images) 

Cycle-GAN with 

recurrent 

temporal 

predictor 

Recurrent 

temporal 

predictor 

(Pix2Pix) 

Generator 

Network 

Human 

evaluation, IoU, 

pixel accuracy, 

Average class 

accuracy, IS 

Temporal 

predictor fails to 

correctly predict, 

and no content 

translation 
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Preserving 

Semantic and 

Temporal 

Consistency for 

Unpaired Video-

to-Video 

Translation [33] 

Viper dataset 

Cycle-GAN with 

flow estimator 

network and 

consistency 

warping network 

optical flow base 

temporal fuse 

with spatial for 

improving 

occlusions 

problem 

Generator  

Network, Use 

[43] to further 

reduce the 

Temporal 

warping error. 

mIoU, fwIoU, and 

pixel accuracy 

Input domain 

videos shall have 

very similar 

content. 

As shown in the above table, researchers design various architectures in previous work to learn a mapping from a domain to domain transfer in an 

unsupervised manner. However, those works count on Cycle-GAN to contain translation, hence cycle loss does not assure semantically coherence 

outputs. As a result, existing video to video translation approaches are prone to disappearance and artifacts problems in generated video. On another 

hand, early works focus only on improving constraints on generator networks, which shorthanded to appropriate consideration of temporal 

information that can modeled using discriminator network. This lead object dislocation problem in generated videos. Therefore, to mitigate the 

above issues imbedding content translation constraint that is responsible for translating is essential. Even more the discriminator network must be 

exploited regarding temporal modeling to improve the translation network performance.  
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CHAPTER THREE 

3. RESEARCH METHODOLOGY   

3.1. Chapter Overview  

The thesis research questions were outlined in Chapter one, along with a mathematical 

formulation and an overview of the method used to investigate the associated plans. This 

chapter provides further details of the methodology, dataset, and experimental metrics to 

answer the research questions.  

The following approaches and procedures are used to accomplish the goals of this study.  

3.2. Dataset  

This study uses a deep learning approach to solve video-to-video translation problems in an 

unsupervised manner, so data is an essential part of the study. Images of a face (Obama-

trump), Viper and, flowers are used for both training and testing stages as used in [1]. In 

addition to inference the result of this thesis, a local dataset called አዲስ (Adiss) has been 

collected. 

» Obama-Trump: is a dataset for style transfer and video retargeting. This dataset 

contains a sequence of images of Obama and Trump making an interview (though at 

a different time and talking about completely different topics). Each frame is 256 x 

256 and about 8617 video frames are included. 

» Flower Dataset: is a recently released dataset for video translation. This dataset 

contains the time-lapse videos which depict the flourishing or fading of several 

flowers but lacking any synchronization. The resolution of the respective videos is 

256 × 256—this work use flower-to-flower for domain transfer between dissimilar 

types of flowers.  

» Viper Dataset: is a prevalent visual perception benchmark to facilitate both low-level 

and high-level vision tasks -semantic segmentation and optical flow. It comprises 

videos from a realistic virtual world game (i.e. GTA V), which are composed while 

driving, riding, and walking in various ambient circumstances (day, sunset, snow, 

rain, and night). Each frame (resolution: 1920 × 1080) is annotated with pix-level 

labels, for video-to-labels and labels-to-video, viper could be a benchmark for 



27 | P a g e  

 

evaluating the translations between videos and segmentation label maps, and day ↔ 

sunset. For this study, the frame resolution is Demote to (resolution: 256 × 256). 

» አዲስ (Adiss) Dataset: is a local dataset for video retargeting containing two very 

popular politicians Prime minister Abiy Ahmed and Debretsion Gebremichael 

making an interview and press briefing. The frame size is 256 x 256, and around 

5000 video frames are included. (a 3-minute video from the internet has been used 

to make the dataset) 

Table 3-1 Training dataset Sample (from Flower, Obama – Trump, and Adiss datasets) 
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Table 3-2 Viper dataset sample examples 

Rain Snow Sunset Day 

 

3.3. Development Tools  

For this research, numerous types of development tools are used to design and implement 

the proposed thesis work. The development tools section gives a description and justification 

of these development tools. These tools include prototype development tools and platforms, 

UML Modeling tools, and other relevant tools to the research. The following sections give 

a brief detail about these development tools. 

3.3.1. Design Tools  

Design tools are mediums that are used for the creation, presentation, and interpretation of 

design concepts. Edraw Max [44] is used to design in the proposed system. It is a lightweight 

and powerful graphic design tool for creating professional-looking flowcharts, network 

diagrams, flowchart diagrams, and others. This tool is selected because [44]. 

» It has lots of high-quality shapes, example, and template,  

» Easily visualizes complicated details through a broad range of graphics.  

» It works well with MS Office.  

3.3.2. Prototype Development Framework 

TensorFlow: TensorFlow is an open-source software library optimized for maximum-

performance numerical modeling and processing. Its modular architecture can be easily 
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implemented on a range of platforms such as Central Processing Units (CPUs), Graphical 

Processing Units (GPUs), Tensor Processing Units (TPUs). It can also be mounted on 

personal computers, clusters, handheld devices, and edge devices. TensorFlow supports 

artificial learning, deep learning, and versatile numerical computing [45] The following 

diagram displays the power score of the deep learning system based on application, 

popularity, and interest [46].  

The following diagram demonstrates the power score of the deep learning system based on 

application and popularity. As shown in Figure 3-1, TensorFlow is by far the most used and 

popular deep learning framework. 

» Makes fast and rapid prototyping; 

» Embraces all Convolution networks and recurrent networks, as well as variations of 

each. 

» User-friendly, modular, and extensible. 

» It can run efficiently on GPU or CPU.  

 Figure 3-1  Deep Learning Framework comparison. 

Source: Adapted from [47] 

OpenCV: OpenCV is an open-source computer vision software library intended to provide 

a shared infrastructure for image processing and computer vision applications [48]. It has 

Python, Java, C++, and MATLAB interfaces and supports nearly any operating system as 

well. OpenCV was developed for image processing, meaning that and feature and data 

structure was developed with the image processing engineers in mind.  
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MATLAB Deep Network Designer: MATLAB deep network designer [49] is an application 

developed by MATLAB which developed for easy design, visualize, and train deep learning 

networks using drag & drop simple user interactive mechanism. This tool is a relief for AI 

developers, especially for complex network deep architectures and GAN networks. This 

even further helps developers to track and debug errors on the early design stage. 

3.4. Baseline Works 

To validate this study model's effectiveness, the implemented model is equated with models 

that dwell on translating video with GAN. Since architecture is based on Recycle-GAN and 

takes input as unpaired video data, Cycle-GAN [2] and Recycle-GAN [1] are taken as 

baselines for the experiments. 

» Cycle-GAN [2] converts images using two generators, with the assumption of cycle 

consistency. This work uses it to translate the video frames and make comparisons 

in order to understand the Spatio-temporal constraint effect better.  

» Recycle-GAN [1] uses two generators and two predictors for video retargeting. It 

puts forward a recycle loss to work with cycle loss and recurrent loss for content 

conversion and style preservation, considering the temporal detail.  

The purpose of contrasts Cycle-GAN and ReCycle-GAN is to show the substantial 

improvements achieved by our model in terms of spatial-temporal knowledge. 

3.5. Feature Extraction Network 

Several state-of-the-art Deep CNN based architectures have been proposed over the last 

decades for the classification of images. These different modern CNN based feature 

extraction architecture include ResNet[50], Inception[51], Xception [52],  EfficientNet[53], 

and others.  

Figure 3-2 shows the top1 accuracy vs the number of parameters. The x-axis represents the 

number of trainable parameters. EfficientNet-B7. Another architectures like VGG have 

more than 155 million parameters and ResNet has round 60 million. EfficientNet-B7 has a 

smaller number of parameters and operations compared to most architectures, which makes 

it able to run fast on different devices that have less computing. Perhaps, Other architectures 

like ResNet-50 have a fewer number of parameters and operations as shown in the figure 

above, but their accuracy fails as well. Based on the above observation, EfficientNet-B7[53] 
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is used in this research for feature extraction in the task of computing feature maps of a given 

image. 

Figure 3-2 Benchmark Analysis on EfficientNet-B7  

Source: Adapted from[53] 

3.6. Temporal Discriminator Network 

Temporal information is a motion relation between the sequence of frames as discussed in 

chapter two. Recent works do not consider the power of discriminator networks regarding 

temporal information. An ablation study has been conducted to decide the number of frames 

the discriminator should consider for classifying between fake and real. The detailed results 

are found in Appendix A.  

The study performed on temporal discriminator with one frame, with two frames, with three 

frames, with four frames, and with five frames but the training fails with five frames because 

of memory insufficiency problem. From the result (AEE), a Temporal discriminator with 

three input frames performs well than comparative models. So, in this study temporal 

discriminator with three frames has been used. 
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3.7. Evaluation Methods 

The result has been analyzed to describe the video-to-video translation models performance 

on a test data set. The dataset is split into different training and testing set using different 

test sizes. The algorithm is evaluated using the test set. One big problem with GANs is that 

there is no robust way to beyond visual inspection. The next subsection present is a 

qualitative analysis and a quantitative metric to evaluate this work. 

3.7.1. Human Evaluation Study  

This evaluation method uses 10 to 15 volunteers to assess whether the given video is real or 

fake after he/she sees real and fake videos to determine whether or not the generated data is 

any good. The average score value is evaluated as per the figure of entities. Motivated by 

the ReCycle-GAN human evaluation study, this thesis work uses two protocols. First, the 

input video, synthesized videos of other approaches, and this work result are seen 

simultaneously for the participants.  

They are asked which one has higher consistency, better smoothness, and better continuity 

between video frame sequences. Second, only synthesized fake videos are seen 

simultaneously for the participants, and they are asked which one has higher consistency 

and looks more natural Translation. The higher the human evaluation score means, the better 

the performance of the network. 

3.7.2. Inception Score 

The inception score is a commonly used evaluating algorithm for GANs. It uses a pre-trained 

inception V3 network (trained on ImageNet) to extract the features of both generated and 

real images. The inception score [54] for short IS, measures the variety and the quality of 

the created images. The superiority of the model is good if it has a high inception score.  

𝑥~𝑝𝑔indicates that 𝑥 is an image sampled from 𝑝𝑔, 𝐷𝐾𝐿(𝑝||𝑞) is KL divergence between 

the distributions 𝑝 and 𝑞, 𝑝(𝑦|𝑥) is the conditional class distribution. KL divergence 

measure of how one probability distribution is different from a second, reference probability 

distribution 

 𝐼𝑆(𝐺)  =  𝑒𝑥𝑝(𝐸𝑥∼𝑝𝑔
𝐷𝐾𝐿(𝑝(𝑦|𝑥)||𝑃(𝑦))) eq.( 3.1) 
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CHAPTER FOUR 

4. PROPOSED LEARNING FUNCTION 

4.1. Chapter Overview 

This chapter presents the proposed solution to video-to-video translation problems for 

improving temporal consistency. The generated video should be able to have better 

consistency between a succession of frames. This chapter can be ideally portioned into three 

major sections; the first introduces model Architecture to translate a given domain image 

into another domain—the second deals with Network optimizing loss functions. The last 

explains training Pseudocode to train the model. 

4.2. Model Architecture 

The model architecture has directly adopted from the architecture defined in “Unpaired 

Image-to Image Translation using Cycle-Consistent Adversarial Networks” [2] and 

“Recycle-GAN: Unsupervised Video Retargeting” [1] for learning domain translation.  

Figure 4-1 Model Architecture. 

As shown in Figure 4-1, adjustments have been made to the discriminator network, and 

additional losses have been applied to the generative network; Section 5.4 addressed the 

depth implementation detail of the model architecture.   
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4.3. Model Learning Functions 

The key objective of this thesis work is to optimize the use of space-time knowledge. In 

order to address the research query, this work adds loss functions, and change the 

discriminator network so that it can address temporal coherency to the Cycle-GAN and 

ReCycle-GAN: Since model architecture is based on Cycle-GAN and Recycle-GAN.  

As discussed on the problem statement, the network seeks to transform a series in time 

domain images from the source domain, 𝑋 =  {𝑥1, 𝑥2, 𝑥3 … , 𝑥𝑛}, to a sequence of domain 

changed images, 𝑋̃ =  {𝑥̃1, 𝑥̃2, 𝑥̃3 … , 𝑥̃𝑛}, with the exclusion of problems listed in Section 

2.5. The function is then to acquire the mapping of 𝐺𝐴𝐵 ∶ X → Y. Note that model 

architecture uses sequential unpaired image data as input during training. 

Because this work follows the GAN architecture, the vanilla adversarial loss is also used in 

this thesis work, called ℓGAN. And the cycle consistency loss ℓ𝑐𝑦𝑐𝑙𝑒 and ℓ𝑖𝑑𝑒𝑛𝑡𝑖𝑡𝑦 in Cycle-

GAN  [2] is adopted. Besides, the recurrent loss ℓ𝑟𝑒𝑐𝑢𝑟𝑟𝑒𝑛𝑡 and the recycle loss ℓ𝑟𝑒𝑐𝑦𝑐𝑙𝑒 in 

Recycle-GAN [1] are also leveraged. Meanwhile, this work introduces constrain 

𝓵𝒇𝒆𝒂𝒕𝒖𝒓𝒆𝑷𝒓𝒆𝒔𝒆𝒓𝒗𝒊𝒏𝒈  to impel the model and improve the whole translation. Furthermore, the 

GAN loss changed accordingly to the temporal discriminator used. The full loss function of 

this model is as follows: 

min 
𝐺, 𝑃

max 
𝐷

 𝓵𝑎𝑙𝑙(𝐺, 𝑃, 𝐷)

= ℓ𝐺𝐴𝑁(𝐺𝐴𝐵, 𝑫𝒙
𝒕:𝟑) + ℓ𝐺𝐴𝑁(𝐺𝑦, 𝑫𝒚

𝒕:𝟑) + 𝛼ℓ𝑐𝑦𝑐𝑙𝑒(𝐺𝐴𝐵, 𝐺𝐵𝐴)

+ 𝛼ℓ𝑐𝑦𝑐𝑙𝑒(𝐺𝐵𝐴, 𝐺𝐴𝐵) + μℓ𝑖𝑑𝑒𝑛𝑡𝑖𝑡𝑦(𝐺𝐴𝐵, 𝐺𝐵𝐴)

+ μℓ𝑖𝑑𝑒𝑛𝑡𝑖𝑡𝑦(𝐺𝐵𝐴, 𝐺𝐴𝐵) + 𝛽ℓ𝑟𝑒𝑐𝑢𝑟𝑟𝑒𝑛𝑡(𝑃𝑥) + 𝛽ℓ𝑟𝑒𝑐𝑢𝑟𝑟𝑒𝑛𝑡(𝑃𝑦)

+ 𝛾ℓ𝑟𝑒𝑐𝑦𝑐𝑙𝑒(𝐺𝐴𝐵, 𝐺𝐵𝐴, 𝑃𝑥) + 𝛾ℓ𝑟𝑒𝑐𝑦𝑐𝑙𝑒(𝐺𝐴𝐵, 𝐺𝐵𝐴, 𝑃𝑦)

+  ɵ𝓵𝒇𝒆𝒂𝒕𝒖𝒓𝒆𝑷𝒓𝒆𝒔𝒆𝒓𝒗𝒊𝒏𝒈 (𝐺𝐴𝐵)  + ɵ𝓵𝒇𝒆𝒂𝒕𝒖𝒓𝒆𝑷𝒓𝒆𝒔𝒆𝒓𝒗𝒊𝒏𝒈 (𝐺𝐵𝐴) 

eq.(4.1) 

Where 𝛼, μ, 𝛽, 𝛾  and ɵ are used hyperparameter of learning. 

Indeed, the network needs more learning constraints, the aim of which is to demonstrate a 

significant consistency. Let's look in detail at all loss constraints. Keeping in mind that the 

translated video should preserve contain information but perhaps not the style. It should be 

close to the real image in another domain. The translator network should consider this 

constraint while learning in the training process.  
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Cycle Loss: Only unpaired samples are used independently in the respective videos during 

learning, without the need for paired input results. To fix this, the consistency of cycle 

continuity is necessary and leveraged by the process, which can be written as[2]: 

 𝑚𝑖𝑛

𝐺𝐴𝐵, 𝐺𝐵𝐴
𝐿𝑐𝑦𝑐(𝐺𝐴𝐵, 𝐺𝐵𝐴)

= ∑ [[‖𝐺𝐵𝐴(𝐺𝐴𝐵(𝑥)) − 𝑥‖
1

]

𝑡

+   [‖𝐺𝐴𝐵(𝐺𝐵𝐴(𝑦)) − 𝑦‖
1

]] 

eq.(4.2) 

where: 𝐺𝐴𝐵 and 𝐺𝐵𝐴 are generators, 𝑥 and 𝑦 are samples frames from both domain datasets. 

Cycle consistency is a loss function asks a question to answer “the original image and the 

twice-translated (reconstructed image.) image are the same”? If this fails, we may not have 

a coherent mapping A-B-A. Meaning the original image A and the retranslated image 

A2B2A mean square distance should be minimum.  

Identity Loss: Perhaps the most straightforward loss, identity loss ensures that the network 

retains the overall color structure of the image. So, adding a regularization concept lets us 

keep the tint of the photo in line with the original shot. Imagine that as a way to guarantee 

that the network can still recreate the original image even after adding several filters [2]. 

Identity loss is introduced to diminish translation of the images already in domain A to the 

Generator from 𝐺𝐵𝐴, because the Cycle-GAN should understand that they are already in the 

correct domain. Meaning translating Amharic text to Amharic using English to Amharic 

translator; since the input is Amharic, the network should make no change. 

where: 𝐺𝐴𝐵 and 𝐺𝐵𝐴 are generators, 𝑥 and 𝑦 are samples frames from both domain datasets. 

So, the full loss would be CycleGAN = 𝐺𝐴𝑁 𝑙𝑜𝑠𝑠 + 𝑐𝑦𝑐𝑙𝑒  𝑙𝑜𝑠𝑠 + 𝐼𝑑𝑒𝑛𝑡𝑖𝑡𝑦 𝐿𝑜𝑠𝑠 

 𝐿(𝐺𝐴𝐵, 𝐺𝐵𝐴, 𝐷𝑥, 𝐷𝑦) 

= 𝑙𝐺𝐴𝑁 (𝐺𝐴𝐵, 𝐷𝑦, 𝑋, 𝑌) + 𝑙𝐺𝐴𝑁 (𝐺𝐵𝐴, 𝐷𝑥, 𝑌, 𝑋) +  𝛼𝑙𝑐𝑦𝑐 (𝐺𝐴𝐵, 𝐺𝐵𝐴)  + 𝛽𝑙𝑖𝑑𝑒𝑛𝑡𝑖𝑡𝑦 (𝐺𝐴𝐵, 𝐺𝐵𝐴) 

𝑚𝑖𝑛
𝐺𝐴𝐵, 𝐺𝐵𝐴

𝐿𝑖𝑑𝑒𝑛𝑡𝑖𝑡𝑦(𝐺𝐴𝐵 , 𝐺𝐵𝐴) = ∑  [‖𝐺𝐴𝐵(𝑥) − 𝑥‖1] +   [‖𝐺𝐵𝐴(𝑦) − 𝑦‖1]

𝑡

 eq.(4.3) 
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where: 𝐺𝐴𝐵 and 𝐺𝐵𝐴 are generators, 𝐷𝑥,and 𝐷𝑦are discriminators, respectively both domain 

𝑋 and 𝑌 are samples from both domain datasets. 

The cycle-loss and identity-loss were extended to various temporal domains. However, these 

works consider only the spatial information in 2D images and completely disregard the 

temporal information for modeling, which is also extended by video translation. 

Feature Preserving Loss: Indeed, classic cycle-consistency does not essentially assurance 

the transformation to be semantically consistent. This is, as a result, it does not consider any 

semantic correspondence during the translation, and thus the system can accomplish 

textbook cycle-consistency (i.e., 𝐿𝑐𝑦𝑐= 0) only if the inverse mapping recovers the original 

contents, regardless of how incorrect the forward mapping was. This assumption causes 

object disappearance problem hence, the network doesn’t consider content translation to 

another domain. 

𝑚𝑖𝑛
𝐺𝐴𝐵, 𝐺𝐵𝐴

𝐿𝐹𝑝𝑟𝑒𝑠𝑒𝑟𝑣𝑖𝑛𝑔(𝐺𝐴𝐵, 𝐺𝐵𝐴)

=  ∑ [[‖𝑚𝑁𝐸𝑇(𝐺𝐴𝐵(𝑥)) − 𝑚𝑁𝐸𝑇(𝑥)‖
1

]

𝑡

+    [‖𝑚𝑁𝐸𝑇(𝐺𝐵𝐴(𝑦)) − 𝑚𝑁𝐸𝑇(𝑦)‖
1

]]  

eq.(4.4) 

where: 𝐺𝐴𝐵 and 𝐺𝐵𝐴 are generators, 𝑥 and 𝑦 are samples frames from both domain datasets 

mNET stands for a pre-trained EfficientNet-B7 feature extractor. 

By adding the above loss, the network is inspired to minimize the Object Disappearance 

problem list in section 2.5 to have consistent semantics earlier and afterward the translation. 

This thesis work uses EfficientNet-B7 [53] as a feature extractor that enforces the content 

information that appears in the original image also should appear on translate. For example, 

if a person and a dog appear in image A so does in translated image A2B, albeit the style 

modification. (i.e. EfficientNet-B7 current state of classification algorithm tested on Image-

net Dataset) 

Recurrent Loss: To handle video data, the temporal ordering of the sequential frames must 

be taken advantage of. In Recycle-GAN [1], we adopt a recurrent temporal 𝑃𝑥 predictor to 

predict frames in the future based on the past frame details. The repeated deficit is as follows: 
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𝑚𝑖𝑛
𝑃𝑥

𝑙𝑟𝑒𝑐𝑢𝑟𝑟𝑒𝑛𝑡(𝑃𝑥) =  ∑‖𝑥𝑡+1 −  𝑃𝑥(𝑥𝑡−1
𝑡 )‖1

𝑡

 
eq. (4.5) 

 

where: 𝑃𝑥(𝑥𝑡−1
𝑡 ) is a prediction of 𝑃𝑥 given 𝑥𝑡−1 and 𝑥𝑡 as concatenated input. 

Recycle Loss: Merging image generator [2] and temporal prediction network. The recycle 

loss[1] across domains and time can be described as:  

𝑚𝑖𝑛
𝑃𝑥𝐺𝑦𝑃𝑦, 𝑙𝑟𝑒𝑐𝑦𝑐𝑙𝑒(𝐺𝐴𝐵, 𝐺𝐵𝐴, 𝑃𝑥) =  ∑‖𝑥𝑡+1 − 𝐺𝐴𝐵(𝑃𝑦(𝐺𝐵𝐴(𝑥𝑡−1

𝑡 )))‖
1

𝑡

 eq. (4.6) 

where: 𝐺𝐴𝐵 and 𝐺𝐵𝐴 are generators, 𝑥𝑡+1 and 𝑦𝑡+1 are samples frames from both domain 

datasets, 𝑃𝑥(𝑥𝑡−1
𝑡 ) is a prediction of 𝑃𝑥 given 𝑥𝑡−1 and 𝑥𝑡 as concatenated input. 

4.4. Temporal Discriminator  

To improve visual quality further, a discriminator takes three consecutive generated images 

to decide whether it is real or fake. The discriminator architecture and the output stay the 

same with Patch GAN [3]; instead, the differences are just the input and the number of 

channels.  

Ladv = 𝑚𝑖𝑛 𝑚𝑎𝑥
𝐺   𝐷

𝐸𝑥𝜖𝑋(log( 𝐷(𝑥𝑡, 𝑥𝑡−1, 𝑥𝑡−2)) +  𝐸𝑥𝜖𝑍(log (1 −

𝐷(𝐺(𝑦𝑡), 𝐺(𝑦𝑡−1), 𝐺(𝑦𝑡−2))))  

eq.( 4.7) 

where:𝐷 discriminator and 𝐺 is the generator, 𝑥𝑡−2, 𝑥𝑡−1, 𝑥𝑡 and 𝑦𝑡−2, 𝑦𝑡−1, 𝑦𝑡 are samples 

frames from both domain datasets. 

Rather than differentiating between single frames, the discriminator network is designed in 

a way to observes three constitutive of synthesized frames and three constitutive of the real 

frames. This approach makes the discriminator network optimal because it takes into 

account the temporal nature of the video generation issue, such as Object Dislocation. 
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Figure 4-2 Temporal Discriminator Network 

4.5. Training Pseudocode 

Training algorithms for this thesis work have been introduced in this section as this study 

compares earlier research, Cycle-GAN, and ReCycle-GAN. Their training algorithms have 

also present in Appendix B.  

Algorithm 1: Cycle GAN with feature preserving loss and temporal discriminator 

Input: 𝒙, 𝒚 

Output: Generated frame 𝒙̃, 𝒚̃ 

1 𝑇𝑎𝑘𝑒 𝑎 𝑠𝑎𝑚𝑝𝑙𝑒 𝑚𝑖𝑛𝑖 − 𝑏𝑎𝑡𝑐ℎ: 𝑥, 𝑥𝑡−1, 𝑥𝑡−2, 𝑦, 𝑦𝑡−1, 𝑦𝑡−2 

2 Train D: 

3  𝑇𝑟𝑎𝑛𝑠𝑙𝑎𝑡𝑒 𝐴, 𝐵:  𝑥̃  =  𝐺𝐴𝐵(𝑥), 𝑦̃  =  𝐺𝐵𝐴(𝑦) 

4          𝑫𝑨(𝒙, 𝒙𝒕−𝟏, 𝒙𝒕−𝟐), 𝑫𝑩(𝒚, 𝒚𝒕−𝟏, 𝒚𝒕−𝟐), 𝑫𝑨(𝒚, 𝒚𝒕−𝟏, 𝒚𝒕−𝟐̃ ), 𝑫𝑩(  𝒙, 𝒙𝒕−𝟏, 𝒙𝒕−𝟐̃ )  

5             𝑑𝑙𝑜𝑠𝑠 =  
1

4
 ∗  ∑((𝐷𝐴(𝒙

𝒕:𝟑), 𝐷𝐵(𝒚
𝒕:𝟑)) , (𝐷𝐴(𝒙̃

𝒕:𝟑), 𝐷𝐵(𝒚̃
𝒕:𝟑)))) 

6  𝑢𝑝𝑑𝑎𝑡𝑒 𝛩(𝑑𝑙𝑜𝑠𝑠) 𝑡𝑜 𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑙𝑜𝑠𝑠. 

7 Train G: 

8 

             𝑥̃̃  =  𝐺𝐴𝐵(𝑥̃), 𝑦̃̃  =  𝐺𝐴𝐵(𝑥̃), 𝑥𝐼 =  𝐺𝐵𝐴(𝑥), 𝑦𝐼 =  𝐺𝐴𝐵(𝑦), 

              𝑥_𝑝𝑟𝑒𝑑̃̃  =  𝐺𝐵𝐴(𝑃𝑦(𝐺𝐴𝐵(𝑥𝑡−1), 𝐺𝐴𝐵(𝑥𝑡−2))), 

              𝑦_𝑝𝑟𝑒𝑑̃̃  =  𝐺𝐴𝐵(𝑃𝑥(𝐺𝐵𝐴(𝑦𝑡−1), 𝐺𝐵𝐴(𝑦𝑡−2))) 

9  𝑐𝑦𝑐𝑙𝑒_𝑙𝑜𝑠𝑠 =  
1

2
(𝑚𝑎𝑒((𝑥 −  𝑥̃̃), (𝑦 −  𝑦̃̃))) 

10  𝑖𝑑𝑒𝑛𝑡𝑖𝑡𝑦_𝑙𝑜𝑠𝑠 =  
1

2
(𝑚𝑎𝑒((𝑥 −  𝑥𝐼), (𝑦 −  𝑦𝐼))) 

11 
              feature_preserving_loss  =  

𝟏

𝟐
(𝒎𝒂𝒆((𝒎𝑵𝒆𝒕(𝒙)  −

                                                       𝒎𝑵𝒆𝒕(𝒙̃)), (𝒎𝑵𝒆𝒕(𝒚)  −  𝒎𝑵𝒆𝒕(𝒚̃)))) 

12  𝑫𝑨(𝒚̃), 𝑫𝑩(𝒙): 𝒅_𝒍𝒐𝒔𝒔 =
𝟏

𝟐
∑(𝑫𝑩( 𝒙, 𝒙𝒕−𝟏, 𝒙𝒕−𝟐̃ ), 𝑫𝑨(𝒚, 𝒚𝒕−𝟏, 𝒚𝒕−𝟐̃ )) 

13 𝑢𝑝𝑑𝑎𝑡𝑒 𝛩(d_loss,cycle_loss,identity_loss,𝑓𝑒𝑎𝑡𝑢𝑟𝑒_𝑝𝑟𝑒𝑠𝑒𝑟𝑣𝑖𝑛𝑔_𝑙𝑜𝑠𝑠) 𝑚𝑖𝑛 𝑙𝑜𝑠𝑠. 

The bold indicates the added constraints. 
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The bold indicates the added constraints. 

As discussed in the preceding section, the previous approach does not consider content 

translation, which leads to object dislocation and object disappearance problem. However, 

this work emphasizes minimizing the content difference between fake and real images, as 

shown in training pseudocode Table 4-1 line-11. On the other hand, the proposed method 

also modifies the patch-GAN discriminator to make it a temporal aware network, line-4, and 

line-12 in Table 4-1 and line-8 and line-18 in Table 4-2, which enforces the network care 

about the relation among consecutive three frames.

 

Algorithm 2:  ReCycle GAN with  temporal discriminator 

Input:  𝑥, 𝑥𝑡−1, 𝑥𝑡−2, 𝑦, 𝑦𝑡−1, 𝑦𝑡−2 

Output: Generated frame 𝑥̃, 𝑦̃ 

1 𝑇𝑎𝑘𝑒 𝑎 𝑠𝑎𝑚𝑝𝑙𝑒 𝑚𝑖𝑛𝑖 − 𝑏𝑎𝑡𝑐ℎ: 𝑥, 𝑥𝑡−1, 𝑥𝑡−2, 𝑦, 𝑦𝑡−1, 𝑦𝑡−2 

2 Train P: 

3  𝐴, 𝐵:  𝑥_𝑝𝑟𝑒𝑑 =  𝑃𝑥([𝑥𝑡−1, 𝑥𝑡−2]) 

4              𝐴, 𝐵:  𝑦_𝑝𝑟𝑒𝑑 =  𝑃𝑦([𝑦𝑡−1, 𝑦𝑡−2]) 

5  

            𝐶𝑜𝑚𝑝𝑢𝑡𝑒: 𝑝𝑙𝑜𝑠𝑠 =
1

2
𝑚𝑒𝑎 ((𝑥, 𝑥𝑝𝑟𝑒𝑑), (𝑦, 𝑦𝑝𝑟𝑒𝑑)) 

             𝑢𝑝𝑑𝑎𝑡𝑒 𝛩(𝑝𝑙𝑜𝑠𝑠) 𝑡𝑜 𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝑙𝑜𝑠𝑠 

 

6 Train D: 

7  𝑇𝑟𝑎𝑛𝑠𝑙𝑎𝑡𝑒 𝐴, 𝐵:  𝑥̃  =  𝐺𝐴𝐵(𝑥), 𝑦̃  =  𝐺𝐵𝐴(𝑦) 

8   𝑫𝑨( 𝒙, 𝒙𝒕−𝟏, 𝒙𝒕−𝟐), 𝑫𝑩(𝒚, 𝒚𝒕−𝟏, 𝒚𝒕−𝟐), 𝑫𝑨(𝒚, 𝒚𝒕−𝟏, 𝒚𝒕−𝟐̃ ), 𝑫𝑩(  𝒙, 𝒙𝒕−𝟏, 𝒙𝒕−𝟐̃ ),  

9             𝑑𝑙𝑜𝑠𝑠 =  
1

4
 ∗  ∑((𝐷𝐴(𝒙

𝒕:𝟑), 𝐷𝐵(𝒚
𝒕:𝟑)) , (𝐷𝐴(𝒙̃

𝒕:𝟑), 𝐷𝐵(𝒚̃
𝒕:𝟑)))) 

10              𝑢𝑝𝑑𝑎𝑡𝑒 𝛩(𝑑𝑙𝑜𝑠𝑠) 𝑡𝑜 𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑙𝑜𝑠𝑠. 

11 Train G: 

12               𝑥̃̃  =  𝐺𝐴𝐵(𝑥̃), 𝑦̃̃  =  𝐺𝐴𝐵(𝑥̃), 𝑥𝐼 =  𝐺𝐵𝐴(𝑥), 𝑦𝐼 =  𝐺𝐴𝐵(𝑦), 

              𝑥_𝑝𝑟𝑒𝑑̃̃  =  𝐺𝐵𝐴(𝑃𝑦([𝐺𝐴𝐵(𝑥𝑡−1), 𝐺𝐴𝐵(𝑥𝑡−2))), 

              𝑦_𝑝𝑟𝑒𝑑̃̃  =  𝐺𝐴𝐵(𝑃𝑥([𝐺𝐵𝐴(𝑦𝑡−1), 𝐺𝐵𝐴(𝑦𝑡−2)))  
13 

14 

15   𝑐𝑦𝑐𝑙𝑒_𝑙𝑜𝑠𝑠 =  
1

2
(𝑚𝑎𝑒((𝑥 −  𝑥̃̃), (𝑦 −  𝑦̃̃))) 

16                𝑅𝑒𝑐𝑦𝑐𝑙𝑒_𝑙𝑜𝑠𝑠 =  
1

2
(𝑚𝑎𝑒((𝑥 −  𝑥_𝑝𝑟𝑒𝑑̃̃ ), (𝑦 −  𝑦_𝑝𝑟𝑒𝑑̃̃ ))) 

17   𝑖𝑑𝑒𝑛𝑡𝑖𝑡𝑦_𝑙𝑜𝑠𝑠 =  
1

2
(𝑚𝑎𝑒((𝑥 −  𝑥𝐼), (𝑦 −  𝑦𝐼))) 

18   𝑫𝑨(𝒚̃), 𝑫𝑩(𝒙̃): 𝒅_𝒍𝒐𝒔𝒔 =
𝟏

𝟐
∑(𝑫𝑩( 𝒙, 𝒙𝒕−𝟏, 𝒙𝒕−𝟐̃ ),    𝑫𝑨(𝒚, 𝒚𝒕−𝟏, 𝒚𝒕−𝟐̃ )) 

19 𝑢𝑝𝑑𝑎𝑡𝑒 𝛩(d_loss,cycle_loss,identity_loss,𝑅𝑒𝑐𝑦𝑐𝑙𝑒_𝑙𝑜𝑠𝑠,𝑓𝑒𝑎𝑡𝑢𝑟𝑒_𝑝𝑟𝑒𝑠𝑒𝑟𝑣𝑖𝑛𝑔_𝑙𝑜𝑠𝑠) 𝑚𝑖𝑛 𝑙𝑜𝑠𝑠. 



40 | P a g e  

 

CHAPTER FIVE 

5. IMPLEMENTATION OF THE PROPOSED SOLUTION 

5.1. Chapter Overview 

In this chapter, the implementation of the proposed solution is described. The working 

environment, cycle-GAN implementation, and experimental class conducted are discussed.   

5.2. Working Environment. 

This section explains the hardware stack that has been used to implement GAN experiments 

in addition to describing the hardware stack. 

» Laptop: The Laptop computer is used for developing a network architecture. 

o Operating system: Windows 10 

o Processor: Intel ® Core™ i7-2300QM CPU @ 2.00GHz  

o Graphics: Intel ® Graphics 3000  

o Primary Memory (RAM): 8.00 GB 

o System Type: 64-bit Operating System, x64-based Processor 

» Desktop: The desktop computer is used for developing a video for video translation. 

o Operating system: windows 10 

o Processor: Intel ® Core™ i5-4580 CPU @ 3.29GHz x 4 

o Graphics: Intel ® HD Graphics 4600 

o GPU: GeForce RTX 2070 Super 6 GB RAM  

o Primary Memory (RAM): 8.00 GB  

o System Type: 64-bit Operating System, x64-based Processor 

Visual studio code and Jupyter notebook are used as a development IDE, with python 

interpreter 3.6 on a laptop computer. For implementing the proposed domain transfer 

problem OpenCV 3.7. Furthermore, TensorFlow-GPU 2.2 was used. In the next section list 

of experiments class conducted for evaluating the proposed hypothesis are discussed.  

5.3. Environmental Setup 

In this thesis work, different software and IDEs have been used. 
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Anaconda: in an application used to install the up-to-date version of python with its different 

module and IDEs, for implementing the proposed solution an anaconda application version 

1.9.7 with 64-bit support used.  

Jupyter Notebook: is the most popular and handy IDE among AI and deep learning 

researchers to work with python. This thesis work uses Jupiter note-book 6.0.0. 

5.4. Cycle-GAN Implementation  

A Cycle-GAN is made up overall of two GAN architectures: a generator and a discriminator. 

The generator architecture contains two separate models, Generator AB, and Generator BA. 

In the same manner, the discriminator architecture contains an additional two architectural 

models, Discriminator A, and Discriminator B. Table 5-1 shows convolutional layers of 

Cycle-GAN architecture.  

The generator network is an encoder-decoder category network. It takes an image as an input 

with the shape (256,256,3), and outputs generated image with the same shape. Based on base 

work Cycle GAN two generator networks are defined. The generators had consisted of 15 

layers. Four convolution layers followed by nine residual blocks and two deconvolutional 

layers - deconvolution means transposed 2-D convolution. The LeakyReLU activation was 

on all layers except the last layers output layer in the same manner Instance normalization 

was used in every layer besides the last one. 

G_A2B = module.ResnetGenerator(input_shape=(256,256, 3)) 

G_B2A = module.ResnetGenerator(input_shape=(256,256, 3)) 

The discriminator network is equivalent to the discriminator's architecture in a Patch GAN 

network[3]. Basically, it takes an image of the shape of (256, 256, 3) and predicts whether 

the image is real or fake. This network composed of 5 convolutional layers denotes a 4 × 4 

filter convolution-instance normalization with LeakyReLU layer and stride 2. After the last 

layer, apply a convolution to produce a 1-dimensional output. The slope of leaky in 

leakyReLU was 0.2. 

D_A = module.ConvDiscriminator(input_shape=(256,256, 3)) 

D_B = module.ConvDiscriminator(input_shape=(256,256, 3)) 
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Table 5-1 Cycle GAN architecture convolutional layers 

  

The generator's objective is to diminish the adversarial loss function against an adversary 

discriminator, which constantly tries to maximize it. Similar to other network types of GAN 

is no different. The learning function has to be explicitly defined in order for the network to 

learn to translate the image.  
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self.combined = tf.keras.Model(inputs=[img_A, img_B],

 outputs=[valid_A, valid_B,reconstr_A, 

reconstr_B,img_A_id, img_B_id,img_A_id, img_B_id]) 

#define loss function 

d_loss_fn, g_loss_fn = 

gan.get_adversarial_losses_fn(adversarial_loss_mode) 

cycle_loss_fn = tf.losses.MeanAbsoluteError() 

identity_loss_fn = tf.losses.MeanAbsoluteError() 

G_loss = (A2B_g_loss + B2A_g_loss) + (A2B2A_cycle_loss + 

B2A2B_cycle_loss) * cycle_loss_weight + (A2A_id_loss + 

B2B_id_loss) * identity_loss_weight 

Almost all the configurations were taken from the Cycle-GAN paper and the 

implementations of its authors on GitHub. 

5.5. Temporal Predictor Network Implementation  

This thesis work uses Recycle-GAN temporal predictor network Px and Py for video 

retargeting, which is identical to the Pix2Pix [3] generator network. However, the input layer 

has been modified to receive two successive previous images. 

inputs1 = tf.keras.layers.Input(shape=[256,256,3]) 

inputs2 = tf.keras.layers.Input(shape=[256,256,3]) 

#(bs, 256, 256, channels*2) 

inputs = tf.keras.layers.concatenate([inputs1, inputs2]) 

The temporal predictor network predicts the next frame based on two previous frames taken 

as input. Like every neural network, the temporal predictor network is similar and has been 

explicitly defined in the network.  

#input temporal predictor network 

from temporal_predictor import Generator  

Px = Generator(inputs) 

Py = Generator(inputs) 

https://github.com/junyanz/CycleGAN
https://www.tensorflow.org/tutorials/generative/pix2pix
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P_optimizer = keras.optimizers.Adam(learning_rate = 2e-4, 

beta_1 = 0.5) 

#A_1, A_2, B_1 and B_2 are the previous two frames in Domain 

A and Domain B 

@tf.function 

def train_P(A, A_1, A_2, B, B_1, B_2): 

    with tf.GradientTape() as pt:  

        A_p = Px([A_1, A_2],training = True) 

        B_p = Py([B_1, B_2],training = True)  

        xl1_loss = P_loss_fn(A, A_p) 

        Px_loss = xl1_loss * LAMBDA 

        yl1_loss = P_loss_fn(B, B_p) 

        Py_loss = yl1_loss * LAMBDA 

        P_loss = (Px_loss + Py_loss)* args.cycle_loss_weight 

#update gradient weight 

   P_grad = pt.gradient(P_loss, Px.trainable_variables 

+Py.trainable_variables) 

   P_optimizer.apply_gradients(zip(P_grad, 

Px.trainable_variables + Py.trainable_variables)) 

    return A_p, B_p, {'Px_loss': Px_loss,  'Py_loss': 

Py_loss} 

As shown in the code snip, train_p function takes six argument variables. A, A_1, and A_2 

are in domain A and the rest in domain B. Since Pix2Pix needs paired dataset A_1 and A_2 

concatenated as an input, the network predicts A_p, which is predicted frame-based given 

inputs. The loss is the L1 distance between A_P and A, which is used to update the gradient 

weights. 

5.6. Feature Preserving Loss Implementation  

As discussed in the previous sections, feature preserving loss aims to minimize content 

information deference between real and the translated fake images. To do so Efficientnet-b7 

pre-trained model is imported. Since the aim is to extract the feature map of the input image, 
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the last four layers are removed, as shown in code snip. Using a pre-trained EfficientNetB7 

model, the new Tensorflow model has created.  

import efficientnet.tfkeras as ef # pretrained EfficientNet 

#remove the last four layers  

base_model = 

ef.EfficientNetB7(input_shape=(256,256,3),include_top=False) 

x = base_model.layers[-4].output 

mNet = tf.keras.Model(inputs = base_model.input, outputs=x) 

Another function get_content_feature is define was then defined to measure the content of 

two pictures. in order to compute feature map new, which returns a feature map of the input 

images. Then compute feature preserving loss between the real image and fake image pair 

sets has been computed then the loss has been used to update network weight. Meaning the 

content loss would be the L1 distance between M_B, M_B2A, and M_A, M_A2B. 

def get_content_features(a,b): 

 return mNet(a), mNet(b) 

M_A, M_A2B = get_content_features(A, A2B) 

M_A_A2B = identity_loss_fn(M_A, M_A2B) 

M_B, M_B2A = get_content_features(B, B2A) 

M_B_B2A = identity_loss_fn(M_B, M_B2A) 

5.7. Temporal Discriminator Network Implementation 

This work also uses additional temporal aware discriminator network. As discussed in the 

presiding section, it takes three images to discriminate whether the images are real or fake. 

def build_discriminator(n): 

 inputA = tf.keras.Input(shape = (256,256,3)) 

 inputB = tf.keras.Input(shape = (256,256,3)) 

 inputC = tf.keras.Input(shape = (256,256,3)) 

#concatinate inputs 

 h = tf.keras.layers.Concatenate()([x, y, z]) 

  



46 | P a g e  

 

d1 = conv2d(h, 64, 4, 2) 

 d2 = conv2d(d1, 128, 4, 2) 

 d3 = conv2d(d2, 256, 4, 2) 

 d4 = conv2d(d3, 512, 4, 2)   

 d5 = conv2d(d4, 1, 4, 1)   

 x = tf.keras.Model(img,d5,name=n) 

 return x 

The discriminator architecture and the output stay the same with patchGAN [3]; instead, the 

differences are just the concatenated input and the number of channels. This enforces the 

network to strictly focus on the relation among generated images and its relation with two 

previous images.  

A_d_logits = D_A((A,A_1,A_2), training=True) 

  B2A_d_logits = D_A((B2A,B2A_1,B2A_2), training=True) 

  B_d_logits = D_B((B,B_1,B_2), training=True) 

  A2B_d_logits = D_B((A2B,A2B_1,A2B_2), training=True) 

5.8. Experiment Class 

To evaluate the essence of temporal information for video translation testing the initial 

hypothesis is mandatory. Five different classes of experiments are conducted, as shown 

below in Table 5-2 for each dataset group. The first three experiments focus on video 

translation on flower and viper datasets, while the rest two are basically for video retargeting 

on Obama-Trump and (አዲስ) Adiss datasets. The first class (CC) is all about vanilla Cycle-

GAN image translation on a given sequence of images, considering the spatial domain only. 

The second is regarding consider using feature preserving loss. The third one includes 

temporal discriminator build up on the second experiment. The fourth experimental class 

uses vanilla ReCycle-GAN aiming video retargeting, and the last one merges ReCycle-GAN 

with temporal discriminator which become a total of ten experiments. 
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Table 5-2 Lists of experimental classes. 

Notation Experiment 
Training 

Epochs 
Dataset Model used 

CC Baseline CycleGAN 

200 

epochs, 

20 

epochs 

Flower dataset 

and Viper 

dataset 

Cycle-GAN 

CC+CP 

CycleGAN baseline 

generator trained with 

additional feature 

preserving loss 

200 

epochs, 

20 

epochs 

Flower dataset 

and Viper 

dataset 

Cycle-GAN and 

EfficientNet-B7 

CC+CP+TD 

Cyclegan baseline 

generator trained with 

additional feature 

preserving loss and 

temporal discriminator 

network 

200 

epochs, 

20 

epochs 

Flower dataset 

and Viper 

dataset 

Cycle-GAN, 

flownet2, and 

Temporal aware 

discriminator. 

RC Baseline ReCycle-GAN 
30 

epochs 

Obama trump 

dataset and 

Adiss Dataset 

ReCycle-GAN 

RC+TD 
ReCycle-GAN with 

temporal discriminator 

30 

epochs 

Obama trump 

dataset and 

Adiss Dataset 

ReCycle-GAN & 

temporal 

Discriminator 
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CHAPTER SIX 

6. RESULTS AND DISCUSSIONS 

6.1. Chapter Overview 

Previous chapters identified the methodologies that were selected to experimentally 

investigate the research propositions—this section reports on the outcomes of the 

experimental stage. The data collected and information are analyzed concerning the 

principal research goal posed in this thesis: How to preserve temporal consistency for a 

video-to-video translation? Moreover, this thesis work proposes a hypothesis that “adding 

temporal consistency constrain would improve temporal consistency between successive 

frames.”. 

6.2. Video-to-Video Translation 

The video-to-video translation takes a video from the scene as an input to generate an 

equivalent video in other domains with the consideration of preserving temporal 

information. This work conducts different training experiments to explain the qualitative 

and quantitative outcomes of comparing the baselines on which the study is based tested on 

different datasets. This research work uses the inception score (IS) and a Human evaluation 

study to evaluate the experimental outcome. Using the training algorithms mentioned in the 

segment. 4.2.  

The models compared in the evaluation are shown in Table 5-2. As discussed in the 

evaluation metrics, the Human evaluation study follows two protocols. The first question 

ask which video looks more real showing generated videos only, which are labeled P1 in the 

next section. The second question request which one looks more realistic and natural 

translation by showing real input video and the fake generated videos side by side and the 

result labeled P2. In fact, P1 and P2 answer to a different aspect of the result. Since P1 

asks how good the generated video regardless of how the translation is good or not. On 

the other hand, P2 does not consider the quality of the generated video only, but also how 

realistic the translation is compared to the original input video. All training parameter was 

set to ten except identity loss which is five (𝛼 = ɵ = 𝛽 = 𝛾 = 10, μ = 5). The next section 

confers results and discussion on the experiment output found on each dataset.  
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6.2.1. Flower-to-Flower  

Figure 6-3 demonstrates this method's synthesized frames on the flower dataset. The 

experiment takes around 2 days for training (200 epochs). The videos in this dataset show 

the blooming of different flowers, which is a relatively slow process, meaning the shifts 

between adjacent frames are relatively small.  The proposed algorithm can generally 

preserve the consistency of a sense and content information based on the given input video. 

The translated flower in each target field retains a continuity for much of the time, with input 

flower at a different domain. Table 6-1 and Figure 6-1 shows the inception score and Human 

evaluation study of experimental runs of the network.  

Table 6-1 IS score and Human evaluation study Result on flower Dataset 

Methods 

 

Flower 

IS Average Human evaluation 

study per domain5 Real dataset 1.165±0.030 1.248±0.055 

 Domain A Domain B Domain A Domain B 

CC 1.022±0.002 1.102±0.031 25% 3.1% 

CC + CP 1.023±0.009 1.122±0.184 9.4% 0% 

CC + CP + TD 1.138±0.041 1.162±0.025 65.6% 96.9% 

Bold values indicate the best results in the experiments. 

Quantitative Experimental result demonstrates the proposed model score better quality and 

variation among the result it generates; this indicates the generated frames are quite unique. 

But CC and CC+CP model produces redundant frames comparatively; this is maybe because 

of the models lack of shape awareness.  

Another experiment conducted Human evaluation score show, this thesis model is 

qualitatively better based on the human perceptual view in all P1, P2, and Average score per 

class. On the other hand, even though the Inception score of CC+CP outperforms vanilla 

Cycle-GAN, the Human evaluation study shows CC excel CC+CP. Indeed, The CC+CP 

network even amplifies the flickering effect. 

 

5Human Evaluation User study for flower translation found at: https://forms.gle/dG3jo9iVskvXxLWLA 

https://forms.gle/dG3jo9iVskvXxLWLA
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Figure 6-1 Human evaluation study on flower dataset 

(Left) human evaluation study found after showing fake videos only to participants,  

(right) human evaluation study based on generated videos with the corresponding real video input. 

Higher values indicate the best results in the experiments. 

Even if, temporal continuity can be preserved by model CC+CP+TD. Figure 6-3 shows that 

the result generated contains many artifacts because of the vanishing gradient problem. This 

indicates, training the model does not really have much weight changes after some epochs 

(meaning the gradient becomes very low-approximate to zero, multiplication of a small 

number further minimizes model weight) so any gradient update does change almost nothing 

in backpropagation. As a result, the discriminator network of CC+CP+TD becomes too 

complicated to be tricked by the generator network.  

As seen in Figure 6-2 below, the discriminator loss becomes slightly similar to zero, and the 

generator loss will escalate to one. All the generator generated images are known as false, 

in other words, the discriminator network quickly bits the generator. Since ideal GAN 

training intentions for nash equilibrium to balance the generator and the discriminator 

network, the loss indicates quite the opposite. To mitigate the vanishing gradient and 

gradient explosion problem, gradient penalty had been applied to the discriminator network 

of CC+CP+TD; this improves the generated output video quality, furthermore, the loss of 

the network indicates gradient penalty had further stabilized the whole training process as 

shown in figure 6-4 below. (however, for a fair comparison gradient penalty result has not 

included in the Human evaluation study and Inception score report.). From the above 

observation, this work performs advantages over Cycle-GAN (CC) and Cycle-GAN with 

5
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3

CC CC+CP CC+CP+TD

P1

4
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5

CC CC+CP CC+CP+TD
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Feature preserving loss (CC+CP), due to the improvements of video continuity and stability 

brought by the spatial-temporal constraint.   
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Figure 6-2 Training loss, vanishing problem on CC+CP+TD 

(Top) Discriminator network, and (bottom) Generator network, (red): CC+CP+TD, (blue): 

CC+CP, (orange): CC. The CC+CP+TD discriminator loss quickly fails to zero results the 

generator loss to explode to one.
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The real images labeled Input that the synthetic images are based on. The second-row is 

the result of Cycle-GAN, Third-row shows Cycle-GAN with Feature preserving loss, and 

the last includes temporal discriminator. 
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Figure 6-3 Flower to flower translation result 
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Figure 6-4 CC+CP+TD with gradient penalty 

 (Top) output sample (middle) generator loss, and (bottom) discriminator loss, the x-axis 

tells the number of instances and the y-axis indicates the loss. 

6.2.1. Sunset-to-Day 

Similar to flower-to-flower translation, this experiment uses the same training setup, except 

uses a subset of viper dataset target to translate day time video to sunset video and vice 
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versa. It takes around 1.16 sec per image and a total of 3.75 days, train for 20 epochs. The 

task of sunset-to-day is shown to explain the influence of our exploitation of the proposed 

solution of this thesis; therefore, more focus on the video quality improvements shown in 

Figure 6-5 and Figure 6-7.  
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Figure 6-5 Sunset-to-day translation output result 

The real images labeled Input that the synthetic images are based on. The second-row is 

the result of Cycle-GAN, Third-row shows Cycle-GAN with Feature preserving loss, and 

the last includes temporal discriminator. 
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Table 6-2 IS score and Human evaluation study Result on Viper Dataset 

Methods 
Day to Sunset 

IS Average Human evaluation 

study per domain 6 Real data 3.56s±0.21 3.81±0.44 

 Day Sunset Day Sunset 

CC 2.50±0.17 2.71±0.19 0% 5% 

CC + CP 3.09±0.07 3.64±0.26 40% 40% 

CC + TD 3.23±0.13 3.61±0.11 60% 55% 

Bold values indicate the best results in the experiments. 

 

Figure 6-6 Human Evaluation Study on Viper dataset 

(left) a human evaluation study found after showing fake videos only to participants,  

(right) a human evaluation study found after showing fake videos with the corresponding 

real video input. Higher values indicate the best results. 

Eventually, this work positively improves visual quality, as confirmed in IS and Human 

evaluation study results (Table 6-2). This experiment may tell us a great deal about our 

method because the network can convert complex datasets successfully, while compared to 

the flower dataset. In the experiments CC+CP almost catches CC+CP+TD as shown in the 

above result report, CC+CP performs much better in the sunset-to-day datasets than the 

flower translation, as shown in Table 6-2 above. Even more, CC+CP performs as good as 

this thesis work as Figure 6-6 shows (P1 result show this work exceed CC+CP by only one 

 

6 Human Evaluation User study for Day to Sunset found at: https://forms.gle/xbkt9aFxA4YmNFnH6 
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vote). I suppose it is because the Efficientnet-B7 feature extracting network trains on 

ImageNet. I did not think there were substantial flower blooming (in fact, it only contains 

1197 images of flowers, which is around 0.0084% of the entire dataset.) instances in training 

so the network might not be able to extract adequate features in flower video.  

Figure 6-7 Comparison between Cycle-GAN with this thesis work on Sunset to Day 

(Left) input images, (center) Cycle-GAN, (right) this thesis work, CC+CP+TD can 

preserve the detailed content and color information than CC. 

For this reason, the network performed badly due to this cause. CC+CP+TD was impacted 

by the vanishing of the gradient problem in the tiny dataset as seen in the flower to flower 

translation, and maybe the viper dataset is big enough as the pixelated and the artifacts 

problem in the flower translation has diminished even better. The Human evaluation study 

scores tell that a majority of the participants prefer our synthesized videos than those 

comparative models 55% over Cycle-GAN and 17.5% on Cycle-GAN with feature 
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preserving loss. Figure 6-7 shows that CC does not retain detailed information, but this 

model generates a decent result positively toward content translation compared with CC.  As 

shown in the above figure, black artifacts hover the building (red box), the car shape altered 

a bit (yellow box), and the color of the road line (green box) change as the result of Cycle-

GAN. But the proposed model can preserve the color and shape of the input frame better 

than comparative work.  

6.2.1. Obama-to-Trump 

Unlike in the previous two video-to-video translation experiments which designed for 

translating spatial information, and content from input video to generated one, video 

retargeting in another way, aim to translate video motion from source to driving video. 

In this experiment, Obama to trump translation using the Recycle-GAN and ReCycle-GAN 

with temporal discriminator has been evaluated. The result shows both approaches are 

capable of assessing the stylistic facial gestures of Donald Trump and Barack Obama7 

(Please note that the photos are very minimal in their representation). Nevertheless, mouth 

motion slightly Differ, as shown in the above figure 6-8. For example, in Trump to Obama 

translation, the RC+TD model fetches trump mouth movement more reasonably than the 

comparative model ReCycle GAN. Training takes around 4.12 days for 30 epochs. 

The IS result shows this thesis work ReCycle-GAN with temporal discriminator (RC+TD) 

advantages over ReCycle-GAN(RC). (i.e. Content preserving network cannot be 

implemented since this work focuses on video Retargeting). In comparison with that of the 

ReCycle-GAN, our network increases the IS with a slight advantage as shown below in 

Table 6-3, and it also outperforms human evaluation study by 40% of base work. 

RC model has been suffered from image flipping problem as shown below in Figure 6-10, 

which truly inherited from the convolutional neural network [55]. (But for fair comparison 

in Figure 6-8, RC output images have been aligning according to the input.). However, 

 

7 Please check the website for better comparison: https://sites.google.com/astu.edu.et/kirubelabebe/temporal-

cycle-consistency-constraint-for-video-to-video-translation-result 

https://sites.google.com/astu.edu.et/kirubelabebe/temporal-cycle-consistency-constraint-for-video-to-video-translation-result
https://sites.google.com/astu.edu.et/kirubelabebe/temporal-cycle-consistency-constraint-for-video-to-video-translation-result
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RC+TD could maintain input video alignment which indicates the temporal discriminator 

network has better orientation awareness in its model weight.  
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Figure 6-8 Obama to trump translation result 

Row label as six sequential inputs are the inputs to the network, and the rests are the 

corresponding output of the network.  The top three are Obama to Trump, and the bottom 

ones are the reverse translation. 
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Table 6-3 Obama to trump inception score and human evaluation study. 

Methods 
Obama to Trump  

IS Average human evaluation 

study per domain 8 Real data 1.283±0.102 1.069±0.274 

 Obama Trump Obama Trump 

RC 1.035±0.120 1.048±0.010 40% 20% 

RC + TD 1.041±0.013 1.068±0.011 60% 80% 

Bold values indicate the best results in the experiments. 

 

Figure 6-9 Human evaluation study on Obama-Trump dataset 

 (left) A human evaluation study found after showing fake videos only to participants, 

(right) A human evaluation study found after showing fake videos with the corresponding 

real video input. Higher values indicate the best results in the experiments 

 Figure 6-10 RC Trump Generated image sequences 

 Generated video sequences from the RC model result flipped Trump out. 

 

8 Human Evaluation Study for Trump to Obama found at: https://forms.gle/ydauVZbixebUJVYJA 
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On the other hand, the temporal discriminator network positively impacts video retargeting 

based on qualitative and quantitative evaluations discussed above; however, since Temporal 

Discriminator forces RC+TD model, the distance between successive frames become very 

small and similar, doing so limit motion change which sometimes makes the result too static 

and unreal. On the other hand, the temporal discriminator network positively impacts video 

retargeting based on qualitative and quantitative evaluations discussed above; however, 

since Temporal Discriminator forces RC+TD model, the distance between successive 

frames become very small and similar, doing so limit motion change which sometimes 

makes the result too static and unreal. 

6.2.1. Abiy-to-Debretsion  

This experiment extends face to face to implicate performance of the model on the local 

dataset Adiss (አዲስ) which relatively is a very complex datasets contain full face including 

hair, eyeglass, colorful background, and unaligned face direction. As shown in the generated 

output of RC and RC+TD, both models almost perfectly capture the head movement of the 

input video. But both models failed to mimic lip movement well. 

Table 6-4 Abiy-to-Debretsion translation result 

Methods 
Abiy-to-Dibretsion  

IS Average human evaluation 

study per domain 9 Real data 1.250±0.055 1.475±0.047 

 Debretsion Abiy Debretsion Abiy 

RC 1.171±0.054 1.314±0.033 35% 35% 

RC + TD 1.218±0.030 1.307±0.031 65% 65% 

Bold values indicate the best results in the experiments 

The quantitative result of RC+TD improves the inception score on Debretsion's fake video 

with a significant amount. on the other side, the thesis work lost by base work with a slight 

margin fake Abiy video. The human evaluation study claims, participants were confident 

about choosing a better one among the result found from RC and RC+TD since the fake 

 

9 Human Evaluation User study for Day to Sunset found at: https://forms.gle/u2qi7DwBnyJCeW2d9 

https://forms.gle/u2qi7DwBnyJCeW2d9
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Abiy video result was simply recognizable as fake. The complex nature of the Adiss(አዲስ) 

dataset in several aspects such as it does not consider face keypoint alignment and face size 

normalization impact network convergence. Additionally, from the result in figure 6-11 

below its clear, the network basically emphases on translating head motion rather than lip 

movement on the input video.  

 I
n

p
u

t 

 

R
C

 
R

C
+

T
D

 
In

p
u

t 
R

C
 

C
C

+
T

D
 

Figure 6-11 Abiy to Debretsion translation result. 

Row label as six sequential inputs are the inputs to the network, and the rests are the 

corresponding output of the network. The top three are Abiy to Debretsion, and the bottom 

ones are the reverse translation. 
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(left) A human evaluation study found after showing fake videos only to participants,  

(right) A human evaluation study found after showing fake videos with the corresponding 

real video input. Higher values indicate the best results in the experiments 

Even if both networks typically produce an unsatisfactory result the user study indicates this 

thesis model has a slight edge in both P1, P2 scores. Furthermore, the RC+TD Average 

Human evaluation study per domain surpasses ReCycle-GAN by 30%. 

6.3. Results Discussion  

6.3.1. Video-Translation Summary 

Based on quantitative and qualitative results, on flower-to-flower translation and sunset-to-

day, the simplest model CC, which only trained only on the cycle-loss, has the lowest score 

among the models, indicating that the (with respect) cycle GAN architecture is not complex 

enough for the video-to-video translation. Since CC only considers the spatial domain, the 

translation lacks knowledge of the temporal domain. The CC+CP model shows a non-

significant improvement in the flower dataset but performs relatively well on the Viper 

dataset, which shows dependability on Efficientnet-B7. CC+CP+TD outperforms the 

baseline work Cycle-GAN by almost 61% and 49.95% on Cycle-GAN with feature 

preserving loss.  
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Figure 6-12 Human evaluation study on adiss dataset 
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6.3.2. Video-Retargeting Summary 

Inception Score on RC and RC+TD indicate optimistic progress of the model applied, which 

illustrate the robustness of this thesis work in order to learn better spatial-temporal 

information from the video and to produce better content consistency. In reality, both models 

are capable of learning the style of the input video and speaker action, but the outcomes are 

far from flawless. Based on the ReCycle GAN (RC) model generated result, it lacks shape 

and orientation knowledge as shown on the Obama-to-trump translation in which case the 

model flip trump face horizontally. Evidently, ReCycle-GAN with temporal discriminator 

output in the human evaluation analysis reveals an average 30 percent increase in the model 

performance.  
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CHAPTER SEVEN 

7. CONCLUSION AND FUTURE WORK 

7.1. Conclusion 

Video-to-video translation is a natural extension of an image-to-image translation. 

Translating video points toward learning objects appearance in a scene and realistic motion 

movement between successive frames. A straightforward way to video-to-video translation 

carry out the image-to-image translation in each frame of input videos without considering 

those frames that have a relation between them. This approach is non-trivial since the 

underlying flickering problem effect is in the output video.  

The purpose of this study was to improve temporal coherence for the video-to-video 

translation by adding constraints to the GAN network learning function trained on the 

unpaired dataset, which starts on the ReCycle-GAN claim. Among the investigation, the 

goal was to generate as visually realistic video as possible. To do so, this thesis adds Feature 

preserving loss, and Temporal aware discriminator to the baseline works. Indeed, these 

changes make the proposed model very aware of the perpetual spatial-temporal information 

changes in the video.  

Different from early approaches, which focus only on the generated image, look real or fake 

based on Spatial information only. this approach enforces the discriminator network to 

emphasize not only on the spatial domain to judge real or fake but also check temporal 

coherency between the generated image and its preceding two frames. To decide the number 

of frames the discriminator should consider the ablation study had conducted and indicate 

three frame discriminators found better one among compared others. 

Object disappearing appears to be another issue in recent works, so this thesis introduces a 

loss-preserving constraint to minimize the distance between the extracted Efficientnet-B7 

features on the generated fake image and the original input. The implemented model 

Combines the above two losses to preserve temporal information. In fact, this work has been 

impacted by the Efficientnet-B7 model weight which makes it dependent, furthermore, it 

impacted by dataset type and size such as seen on the flower to flower translation. The model 

becomes unstable and collapses by vanishing gradient problems. Even more, it produces 

artifacts in the generated fake images. However, applying a gradient penalty to the 
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discriminator network improves the vanishing gradient problem, and a better result is 

generated. 

Compared with baseline works Cycle-GAN [2], and ReCycle-GAN [1], qualitative and 

quantitative experimental findings indicate. The Cycle-GAN model, trained only on Cycle 

Loss, has the lowest evaluation score among this thesis work. Hence, it suggests that Cycle-

GAN architecture is not complex enough for the video-to-video translation. Since it 

considers the spatial domain only, the translation lacks information on the temporal domain. 

Another version Cycle-GAN with content preserving loss also was very dependent on the 

feature extraction model used.  

In the case of video retargeting experiments, the RC model can capture the style and content 

of a video as well as the proposed model. However, lousy alignment result has been seen in 

the generated trump video result as well in the fake Abiy video, in which the eye was closed 

for the entire period. RC+TD shows better shape aware retaining tendency from the 

experiments, which helps to better quality generated videos and applying temporal 

discriminator network retain better flow as shown ablation study.   

Experiments show more significant variation among the result, both qualitatively and 

quantitatively. This thesis's achievement is that it excels in the human assessment analysis 

by 60 percent Cycle-GAN and 35 percent in the ReCycle GAN. This Research work 

concludes that adding temporal cycle consistency constraints to video-to-video translation 

does improve temporal coherency. It has been shown by the inception score and Human 

evaluation study experimental results. Further, these changes make the proposed model to 

learn better spatial-temporal information between consecutive video frames. so that, 

temporal coherency does improve. The temporal discriminator network also positively 

impacts the video-to-video translation. regarding the orientation and color preservation 

between translated corresponding original input. 

7.2. Future Work 

The thesis method does not come without limitations. As observed in the experiment, the 

model is strongly dependent on the EfficientNET-B7 outputs, and since the feature 

preserving loss is not designed to be consistent across frames. Generated output depends 

essentially on the feature extraction network's performance on a specific training dataset, as 
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discussed in 6.2.1. This naturally leads to inconsistency in the results produced. One 

approach to resolving this issue is a retune feature extraction network on the training dataset.  

Furthermore, rather than a simple concatenation of output images in a manner to make 

temporal ware, the discriminator network could be modeled in a much efficient approach 

using the transformer network [56] so further research could be work to extend in a better 

approach. Although the number of participants in human evaluation is a very small range 

from 10 to 15 persons, further evaluation of human study would improve for better 

judgment.  

Finally, this thesis's work paves a way to a different learning path: letting it learn using the 

discriminator network with considering a substantially long sequence of frames, focus on 

how to construct synthetic intermediate frames between successive frames, could increase 

the video's frame rate. HFR or (high frame rate) videos will increase the movement 

representation and consequently provide better pictures to increase the audience's accuracy. 

Perhaps it could need considerably more than that of two frames as used in this thesis work.  

*  *  * 

 

This research was funded by grant number ASTU/SM-R/091/19 from Adama Science and 

Technology University. 

Adama, Ethiopia.
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APPENDIXES 

Appendix A: Ablation study 

This thesis work proposed to implement a temporal discriminator network, which is a 

modification on the patchGAN network by concatenated previously generated output 

images. This Ablation study has been done to come up with the number of images the 

discriminator network shall consider to justify output is whether real or fake.  

Input One Two Three Four 

 

The optical flow between consecutive frames of (input) original image, (one) vanilla 

patchGAN, (two) discriminator consider two frames, (three) discriminator consider three 

frames, (four) discriminator considers four frames.  
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The figure above shows a comparison among different discriminator models and it indicates 

the GAN network performs well when three frames are considered by the discriminator10. 

The average endpoint error is a commonly used metrics to measure optical flow error this 

study test comparative discriminator networks, the result as shown in the above table 

indicates a discriminator network with three frames performs well comparatively. 

 

 

AEE = Average endpoint error = L2 norm. 

A lower value indicates better performance.

 

10 For better judgement please watch:  https://youtu.be/OWh-ffKROfQ 
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AEE VS NUM OF FRAMES

Num of frames considered 1 2 3 4 

AEE 4.93E-05 1.22E-04 3.35E-05 5.73E-05 

https://youtu.be/OWh-ffKROfQ
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Appendix B: Result on Different epochs 

200 epochs 175 epochs 140 epochs 105 epochs 70 epochs 35 epochs 

 

The result on different epoch on the flower dataset, the label shows the corresponding epoch 
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20 epochs 17 epochs 13  epochs 10  epochs 6  epochs 3 epochs 

 

The result on different epoch on the viper dataset, the label shows the corresponding epoch 
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13 epochs 10  epochs 7 epochs 4 epochs 1 epoch 

 

16 epochs 19 epochs 22 epochs 25 epochs 30 epochs 

The result on different epoch on the Obama-Trump dataset, the label shows the corresponding epoch 
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17 epochs 14 epochs 10 epochs 7 epochs 3 epochs 1 epoch 

 

30 epochs 
29 epochs 27 epochs 25 epochs 22 epochs 19 epochs 

The result on different epoch on the Adiss (አዲስ) dataset, the label shows the corresponding epoch
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Appendix C: Sample Code 

Train generator network 

@tf.function 

def train_G(A, A_1, A_2, B, B_1, B_2, A2B_1, A2B_2, B2A_1, 

B2A_2): 

 with tf.GradientTape() as t: 

  A2B = G_A2B(A, training=True) 

  B2A = G_B2A(B, training=True) 

  A2B2A = G_B2A(A2B, training=True) 

  B2A2B = G_A2B(B2A, training=True) 

  A2A = G_B2A(A, training=True) 

  B2B = G_A2B(B, training=True) 

   

  M_A, M_A2B = get_content_features(A, A2B) 

  M_A_A2B = identity_loss_fn(M_A, M_A2B) 

  M_B, M_B2A = get_content_features(B, B2A) 

  M_B_B2A = identity_loss_fn(M_B, M_B2A) 

 

  A2B_d_logits = D_B((A2B, A2B_1, A2B_2), 

training=True) 

  B2A_d_logits = D_A((B2A, B2A_1, B2A_2), 

training=True) 

 

  A2B_g_loss = g_loss_fn(A2B_d_logits) 

  B2A_g_loss = g_loss_fn(B2A_d_logits) 

  A2B2A_cycle_loss = cycle_loss_fn(A, A2B2A) 

  B2A2B_cycle_loss = cycle_loss_fn(B, B2A2B) 

  A2A_id_loss = identity_loss_fn(A, A2A) 

  B2B_id_loss = identity_loss_fn(B, B2B) 

 

  G_loss = (A2B_g_loss + B2A_g_loss) + 
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(A2B2A_cycle_loss + B2A2B_cycle_loss) * 

args.cycle_loss_weight + (A2A_id_loss + B2B_id_loss) * 

args.identity_loss_weight + (M_A_A2B + 

M_B_B2A)*args.identity_loss_weight 

 

 G_grad = t.gradient(G_loss, G_A2B.trainable_variables + 

G_B2A.trainable_variables) 

 G_optimizer.apply_gradients(zip(G_grad, 

G_A2B.trainable_variables + G_B2A.trainable_variables)) 

 

 return A2B, B2A, {'A2B_g_loss': 

A2B_g_loss,'M_A_A2B_loss':M_A_A2B,'M_B_B2A_loss':M_B_B2A,'B2

A_g_loss': B2A_g_loss,'A2B2A_cycle_loss': A2B2A_cycle_loss, 

'B2A2B_cycle_loss': B2A2B_cycle_loss, 'A2A_id_loss': 

A2A_id_loss, 'B2B_id_loss': B2B_id_loss} 

Train discriminator network 

@tf.function 

def train_D(A, B, A2B, B2A): 

    with tf.GradientTape() as t: 

        A_d_logits = D_A((A,A_1,A_2), training=True) 

        B2A_d_logits = D_A((B2A,B2A_1,B2A_2), training=True) 

        B_d_logits = D_B((B,B_1,B_2), training=True) 

        A2B_d_logits = D_B((A2B,A2B_1,A2B_2), training=True) 

        #UPDATE PREVIOUS VALUES 

        A2B_2 = tf.compat.v1.assign(A2B_2, A2B_1) 

        A2B_1 = tf.compat.v1.assign(A2B_1, A2B) 

        B2A_2 = tf.compat.v1.assign(B2A_2, B2A_1) 

        B2A_1 = tf.compat.v1.assign(B2A_1, B2A) 

         

        A_d_loss, B2A_d_loss = d_loss_fn(A_d_logits, 

B2A_d_logits) 

        B_d_loss, A2B_d_loss = d_loss_fn(B_d_logits, 
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A2B_d_logits) 

                 

        D_A_gp = gan.gradient_penalty(functools.partial(D_A, 

training=True), [A,A_1,A_2], [B2A,B2A_1,B2A_2], 

mode=args.gradient_penalty_mode,numberof_img = 3) 

        D_B_gp = gan.gradient_penalty(functools.partial(D_B, 

training=True), [B,B_1,B_2], [A2B,A2B_1,A2B_2], 

mode=args.gradient_penalty_mode,numberof_img = 3) 

 

        D_loss = (A_d_loss + B2A_d_loss) + (B_d_loss + 

A2B_d_loss) + (D_A_gp + D_B_gp) * 

args.gradient_penalty_weight 

 

    D_grad = t.gradient(D_loss, D_A.trainable_variables + 

D_B.trainable_variables) 

    D_optimizer.apply_gradients(zip(D_grad, 

D_A.trainable_variables + D_B.trainable_variables)) 

    return {'A_d_loss': A_d_loss + B2A_d_loss, 

  'B_d_loss': B_d_loss + A2B_d_loss, 

  'D_A_gp': D_A_gp, 

  'D_B_gp': D_B_gp} 

Train Temporal Predictor 

def P_loss_fn(real, fake): 

    return tf.reduce_mean(tf.abs(real - fake)) 

 

#@tf.function 

def train_P(A, A_1, A_2, B, B_1, B_2): 

    with tf.GradientTape() as pt: 

        A_p = Px([A_1, A_2],training = True) 

        B_p = Py([B_1, B_2],training = True) 

        xl1_loss = P_loss_fn(A, A_p) 

        Px_loss = xl1_loss * LAMBDA 
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        yl1_loss = P_loss_fn(B, B_p) 

        Py_loss = yl1_loss * LAMBDA 

             

        P_loss = (Px_loss + Py_loss)* args.cycle_loss_weight  

 

    P_grad = pt.gradient(P_loss, Px.trainable_variables + 

Py.trainable_variables) 

    P_optimizer.apply_gradients(zip(P_grad, 

Px.trainable_variables + Py.trainable_variables)) 

    return A_p, B_p, {'Px_loss': Px_loss, 

                      'Py_loss': Py_loss} 
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Appendix D: Human Evaluation Study Google Form Snapshot 

Sample 
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Abiy-to-Debretsion human evaluation study 
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Appendix E: Human Evaluation Study Result 

Human evaluation study on Flower-to-Flower 

Timestamp Q1 Q2 Q3 Q4 

9/10/2020 10:50:22 Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) 

9/10/2020 11:03:42 Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) 

9/10/2020 11:20:28 Video A (ቪዲዮ ሀ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video A (ቪዲዮ ሀ) 

9/10/2020 12:58:02 Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) 

9/10/2020 12:58:17 Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) 

9/10/2020 13:39:00 Video A (ቪዲዮ ሀ) Video A (ቪዲዮ ሀ) Video C (ቪዲዮ ሐ) Video B (ቪዲዮ ለ) 

9/10/2020 17:12:30 Video B  (ቪዲዮ ለ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) 

9/11/2020 11:33:16 Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) 

9/14/2020 14:41:46 Video A (ቪዲዮ ሀ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video A (ቪዲዮ ሀ) 

9/16/2020 10:28:54 Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) 

9/16/2020 13:48:11 Video A (ቪዲዮ ሀ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video A (ቪዲዮ ሀ) 

9/16/2020 17:53:04 Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) 

9/17/2020 15:43:22 Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) 

9/19/2020 16:25:49 Video B  (ቪዲዮ ለ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video A (ቪዲዮ ሀ) 

9/23/2020 18:12:45 Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) 

Q1. From the Above 3 Videos which one looks more Natural? (ከላይ 3 ቪዲዮዎች የትኛው ተፈጥሮአዊ የሚመስለው ነው?) 

Q2. From the Above 3 Videos which one looks more Natural? (ከላይ 3 ቪዲዮዎች የትኛው ተፈጥሮአዊ  የሚመስለው ነው?)   

Q3. From the Above 3 ask which looks like a more realistic and natural translation? ይበልጥ ተጨባጭ እና ተፈጥሮአዊ የምስል ትርጉም ያለው የትኛው እንደሆነ ይጠይቁ?  

Q4. From the Above 3 ask which looks like a more realistic and natural translation? ይበልጥ ተጨባጭ እና ተፈጥሮአዊ የምስል ትርጉም ያለው የትኛው እንደሆነ ይጠይቁ? 
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Human evaluation study on Day-to-Sunset dataset 

Timestamp Q1 Q2 Q3 Q4 

9/18/2020 18:13:42 Video B  (ቪዲዮ ለ) Video C (ቪዲዮ ሐ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) 

9/18/2020 18:15:54 Video B  (ቪዲዮ ለ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) 

9/19/2020 13:01:05 Video B  (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) 

9/20/2020 15:11:32 Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video B (ቪዲዮ ለ) 

9/20/2020 16:39:48 Video C (ቪዲዮ ሐ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video C (ቪዲዮ ሐ) 

9/20/2020 16:40:09 Video C (ቪዲዮ ሐ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video C (ቪዲዮ ሐ) 

9/20/2020 16:52:48 Video A (ቪዲዮ ሀ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) 

9/22/2020 14:54:19 Video B  (ቪዲዮ ለ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) 

9/23/2020 18:25:27 Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) 

9/28/2020 11:43:15 Video C (ቪዲዮ ሐ) Video B (ቪዲዮ ለ) Video C (ቪዲዮ ሐ) Video C (ቪዲዮ ሐ) 

Q1. From the Above 3 Videos which one looks more Natural Sunset Video? (ከላይ 3 ቪዲዮዎች የትኛው ተፈጥሮአዊ የፀሐይ መጥለቅ ቪዲዮን ይመለከታል?)  

Q2. From the Above 3 Videos which one looks more Natural Day Video? (ከላይ 3 ቪዲዮዎች የትኛው ተየተፈጥሮ ቀን ቪዲዮን ይመለከታል?)   

Q3. From the Above 3 ask which looks like a more realistic and natural translation? ይበልጥ ተጨባጭ እና ተፈጥሮአዊ የምስል ትርጉም ያለው የትኛው እንደሆነ ይጠይቁ?  

Q4. From the Above 3 ask which looks like a more realistic and natural translation? ይበልጥ ተጨባጭ እና ተፈጥሮአዊ የምስል ትርጉም ያለው የትኛው እንደሆነ ይጠይቁ? 
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Human evaluation study on Trump-to-Obama 

Timestamp Q1 Q2 Q3 Q4 

9/21/2020 15:25:34 Video B  (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) 

9/21/2020 15:37:44 Video B  (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video A (ቪዲዮ ሀ) 

9/22/2020 14:38:53 Video B  (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video A (ቪዲዮ ሀ) 

9/22/2020 14:45:39 Video A (ቪዲዮ ሀ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) 

9/22/2020 14:48:41 Video B  (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) 

9/22/2020 16:21:42 Video B  (ቪዲዮ ለ) Video A (ቪዲዮ ሀ) Video A (ቪዲዮ ሀ) Video A (ቪዲዮ ሀ) 

9/22/2020 22:14:58 Video B  (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) 

9/23/2020 12:01:38 Video A (ቪዲዮ ሀ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video A (ቪዲዮ ሀ) 

9/27/2020 11:16:41 Video B  (ቪዲዮ ለ) Video A (ቪዲዮ ሀ) Video A (ቪዲዮ ሀ) Video A (ቪዲዮ ሀ) 

9/28/2020 10:31:30 Video B  (ቪዲዮ ለ) Video A (ቪዲዮ ሀ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) 

9/30/2020 12:38:32 Video B  (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video A (ቪዲዮ ሀ) 

Q1. From the Above  2 Videos which one looks more real Trump Video? (ከላይ ከ 2 ቪዲዮዎች የትኛው ይበልጥ እውነተኛ የትራምፕ ቪዲዮን ይመስላል?)  

Q2. From the Above  2 Videos which one looks more real Obama Video? (ከላይ ከ 2 ቪዲዮዎች የትኛው ይበልጥ እውነተኛ የኦባማ ቪዲዮን ይመስላል?)  

Q3. From the Above 2 ask which looks like a more realistic and natural translation? ይበልጥ ተጨባጭ እና ተፈጥሮአዊ የምስል ትርጉም ያለው የትኛው እንደሆነ ይመስላል?  

Q4. From the Above 2 ask which looks like a more realistic and natural translation? ይበልጥ ተጨባጭ እና ተፈጥሮአዊ የምስል ትርጉም ያለው የትኛው እንደሆነ ይመስላል? 
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Human evaluation study on Adiss dataset 

Timestamp Q1 Q2 Q3 Q4 

9/30/2020 10:24:00 Video B (ቪዲዮ ለ) Video A (ቪዲዮ ሀ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) 

9/30/2020 10:54:37 Video A (ቪዲዮ ሀ) Video A (ቪዲዮ ሀ) Video A (ቪዲዮ ሀ) Video A (ቪዲዮ ሀ) 

9/30/2020 16:23:48 Video B (ቪዲዮ ለ) Video A (ቪዲዮ ሀ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) 

9/30/2020 16:52:16 Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) 

9/30/2020 17:58:24 Video A (ቪዲዮ ሀ) Video A (ቪዲዮ ሀ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) 

9/30/2020 18:15:52 Video A (ቪዲዮ ሀ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video A (ቪዲዮ ሀ) 

10/1/2020 9:50:02 Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) 

10/1/2020 9:52:44 Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video A (ቪዲዮ ሀ) Video A (ቪዲዮ ሀ) 

10/1/2020 9:58:28 Video A (ቪዲዮ ሀ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) 

10/1/2020 10:04:44 Video A (ቪዲዮ ሀ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) Video B (ቪዲዮ ለ) 

Q1. From the Above  2 Videos which one looks more real Debretsion Video? (ከላይ ከ 2 ቪዲዮዎች የትኛው ይበልጥ እውነተኛ የደብረፅዮን ቪዲዮን ይመስላል?)  

Q1. From the Above  2 Videos which one looks more real Abiy Video? (ከላይ 2 ቪዲዮዎች የትኛው ይበልጥ እውነተኛ የአብይ ቪዲዮን ይመስላል?)  

Q1. From the Above 2 ask which looks like a more realistic and natural translation? ይበልጥ ተጨባጭ እና ተፈጥሮአዊ የምስል ትርጉም ያለው የትኛው እንደሆነ ይመስላል?  

Q4. From the Above 2 ask which looks like a more realistic and natural translation? ይበልጥ ተጨባጭ እና ተፈጥሮአዊ የምስል ትርጉም ያለው የትኛው እንደሆነ ይመስላል? 
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