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Q-Learning is an important class of stochastic optimization which has recently been used in the area of dynamic adaptive 

streaming over HTTP (DASH). Though DASH is very popular method of video delivery in recent years it is plagued 

with problems when multiple players share a bottleneck link. Thus, this area has become a very active area of 

research. Two works which implement Q-Learning in DASH are selected and their performances compared 

against the Conventional DASH player. It is shown that Q-Learning works well for various network conditions.  
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I. INTRODUCTION 

Computing devices capable of displaying high definition 

video have become commonplace, and high-speed 

wireless networks are available in most populated areas in 

some developing and developed countries [10]. An 

important application of these technologies is video 

streaming at home or cooperate settings. Consequently, the 

number of video streaming providers targeting the video 

streaming market has exploded. 

On-demand adaptive video streaming [17] over unreliable 

networks with limited bandwidth includes various 

scenarios involving many adaptive players sharing a 

bottleneck link. These bottleneck links become more 

unreliable when players 

compete in the presence of TCP long-lived flows [55], 

when there is time-varying bandwidth present, when 

players start, stop or pause, when players download 

different videos, and when more players start to download 

videos. Achieving a satisfactory QoE for the user is 

intractable and involves trade-offs among players. 

In the past ten years, the Internet has become a standard 

medium for multimedia delivery. The Internet today is 

prolific with applications that use video data. As a result, a 

number of video streaming services have been established 

over the past decade. Old-fashioned RTSP streaming [50] 

eventually evolved to 

HTTP-based streaming protocols. This shift lead to a 

better user-perceived Quality of Experience (QoE) [38], 

[59], [31]. Progressive download uses HTTP [14] as a 

protocol and succeeded traditional streaming. Today, 

HTTP adaptive video streaming has become the de facto 

standard. Real-time multimedia delivery has tight latency 

constraints, and data arriving too late is essentially useless. 

To create the illusion of motion, video frames should be 

played between 24-30 frames per second [2]. Efficient 

media compression creates interdependence between 

packet contents and codecs, so packet losses and late 

arrivals of video data can be detrimental. 

Since the Internet does not provide a constant, guaranteed 

bandwidth for the video stream, the network can only 

support the video bitrate on a best-effort basis [57]. If the 

network bandwidth is not sufficient to support the video 

bitrate, then the decoder at the client-end starts to consume 

the video data at a greater rate than at which new data is 

being received from the network. The decoder eventually 

runs out of video data to decode, which results in a screen 

freeze (video stalls or rebuffering events). In order to 

avoid this consequence without having to introduce costly 

and complex guaranteed bandwidth mechanisms, playout 

buffers and stream switching solutions has become 

industry standards [30]. 

Optimization techniques [42], [54], [4], [21] have been 

used in an effort to help adaptive video players select 

appropriate segments during the streaming process. One 

very promising technique is Q-learning [41], [18], [47]. Q-

learning is a model-free reinforcement learning algorithm. 

Q-learning's objective is to learn a policy that informs an 

agent what to do under what conditions. It does not 

involve a model and, without having adaptations, it can 

address problems with stochastic transitions and rewards. 

Q-learning finds an optimal policy for any finite Markov 

decision process (FMDP) [44] in the sense that it 

maximizes the expected value of the total reward over any 

and all successive steps, starting from the current state. Q-

learning can define an optimal policy for any specified 

FMDP given an infinite period of exploration and a 

partially random policy. "Q" refers to the function 

returning the reward used to provide the reinforcement and 

can be said to represent the "quality" of an action made in 

a specified state. 

A discussion on solving Q-learning casted problems is 

given in Section II. Then the literature is explored to 

extract some Q-learning examples in DASH in Section III. 

DASH multiplayer competition is discussed in section IV. 

Implemented Q-learning streaming algorithms in this work 

are given in section V. Our experimental setup is 

illustrated in section VI while results are given in section 

VII. Finally, the conclusion is given in Section VIII. 
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II. Q-LEARNING 

Q-learning is a type of model-free reinforcement learning 

[56]. It is a technique of providing data based on value to 

tell what action an agent should take. It gives agents the 

ability to learn how to behave optimally in the fields of 

Markov experiencing the effects of actions without 

requiring them to construct domain maps. Learning is 

similar to the technique of temporal differences (TD) used 

by Sutton [34], [20]. An agent attempts to take action in a 

specific state and assesses its implications with regard to 

the instant reward or punishment it gets and its estimate of 

the value of the state to which it is being applied. By 

constantly testing all actions in all states, it learns the best 

overall, measured by a long-term discounted reward. It is 

regarded off-policy because the q-learning function learns 

from actions outside the present policy, such as taking 

random actions, so there is no need for a policy. In 

particular, q-learning aims at learning a strategy that 

maximizes the overall reward. Q-learning is an off policy 

algorithm that aims to discover the best action to take 

considering the present situation.  

Consider a computing agent moving around some discreet, 

finite world, selecting one from every step of a finite set of 

actions. The world is a Markov process regulated by the 

agent as a controller. At step n, the agent is equipped to 

register the world's state, an action can be selected 

accordingly. The agent gets a probabilistic reward, the 

mean value of which relies only on the state and action, 

and the state of the world is likely to change to under the 

law. The agent's job is to determine an optimal policy that 

maximizes the complete discounted reward anticipated. By 

discounted reward, we imply that the rewards received in 

future steps are less than the rewards now received. Under 

a policy, the value of the state is immediately calculated to 

carry out the action recommended by the policy. It then 

moves to a valuable state, with the likelihood connected 

with that specific policy. DP's theory [15], [58], [22], [43] 

assures us that at least one stationary policy is optimal. DP 

offers a number of techniques to calculate the state value 

and an optimal stationary policy. The challenge facing a 

Q-learner, is to establish an optimal stationary policy 

without discovering these values previously. The Q value 

is the anticipated discounted reward for carrying out an 

action in a given state and subsequently following the 

resulting policy. The purpose of Q-learning is to 

approximate the Q values for an optimal policy. The 

experience of the agent in Q-learning consists of a series 

of separate stages or events. The agent in an event: 

1. observes its present state 

2. selects and executes an action 

3. observes the following state 

4. receives an immediate payoff 

5. use the learning factor to adjust its prior Q values 

Realize that values may not correctly represent the policy 

they implicitly define in the early phases of learning.  

When q-learning is done, we generate what is called a q-

table or matrix that follows [state, action] formation and 

initialize our values to zero. After an event, we will update 

and store our q-values. This q-table is a reference table for 

our agent to choose the best q-value-based action. The 

next step is simply for the agent to interact with the 

environment and make updates in our q-table Q[state, 

action] to the state action pairs. An agent interacts in 1 of 2 

ways with environment. The first is to use the q-table as a 

reference and view for a specified state all feasible actions. 

Then the agent chooses the action based on those actions ' 

max value. This is known as exploiting since we make a 

choice using the data we have at our disposal. The second 

way to behave (do an action) is by acting randomly. This 

is called exploring. We pick an action at random instead of 

choosing actions based on the max future reward. It is 

important to act randomly because it allows the agent to 

explore and discover new states that can not otherwise be 

chosen during the phase of exploitation. Using an epsilon 

variable you can balance exploration/exploitation and set 

the importance of how many times you want to explore vs 

exploit.  

After each move or action, the updates take place and end 

when an event is finished (reaching some terminal point). 

For instance, a terminal state can a state of fulfilling some 

required goal. The agent will not learn much after a single 

episode, but it will eventually converge and discover the 

ideal q-values or q-star with sufficient exploration (steps 

and events). Thus, another way of writing the agent in an 

event are as follows: 

1. Agent starts in a state takes an action and receives a 

reward 

2. Agent selects action by referencing Q-table with 

highest value OR by random 

3. Update q-values 

Simply define the learning rate as how much you accept 

the fresh value versus the old value. In order to balance 

instant and future reward, a discount factor is used. 

Reward is the value obtained at a specified state after the 

completion of a particular action. A reward may occur at 

any time step or only at the time step of the terminal 

action. Usually a programming library is used to take the 

highest future reward and apply it to the present state's 

reward. What this does is impact the current action by the 

possible future reward. Thus, q-learning assigns future 

rewards to present actions to assist the agent in selecting 

the greatest return action in any specified state. 

III. QL IN DASH 

A solution for wireless adaptive multimedia QoS 

provisioning is given in [12]. It utilizes Q-learning to 

model its solution. Researchers formulate the constrained 

Markov decision problem using call admission control and 

bandwidth adaptation. Q-learning does not require the 

explicit state transition model to solve the Markov 

decision problem. Therefore, researchers apply more 

general and realistic assumptions to the underlying system 

model for this approach, than in previous schemes. A Q-

Learning based formalism to optimize Quality of Service 

(QoS) scheduling is proposed in [40]. A HAS player 

dynamically learns the optimal behavior corresponding to 

the current network environment using Q-Learning [16]. 

Researchers use a tunable reward function, which 

considers multiple aspects of video quality [7]. However, 

the performance in a variable networking environment was 
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unsatisfactory. In order to optimize QoE, the DASH player 

dynamically learns the optimal behaviour, corresponding 

to the current network environment. Researchers in [3], 

model the adaptive streaming problem as a Partial 

Observable Markov Decision Process (POMDP) and 

solved it with Q-learning. Modelling is possible as end-

user possesses partial information about the network state 

based on the throughput it receives [35]. The service layer 

control mechanism gracefully degrades video quality, 

depending on the connection status. Hence, the end-user is 

able to find the most appropriate quality level for his/her 

stream. 

IV. DASH AND MULTIPLE COMPETING PLAYERS 

PROBLEM 

The concept of adaptive video streaming is based on the 

idea to adapt the bandwidth required by the video stream 

to the throughput available on the network path from the 

stream source to the client [26]. These algorithms can live 

at the server [25], at an intermediate network device [24] 

or at the client [28]. With client-side protocols it is the 

player that decides what bitrate to request for any 

fragment, improving server-side scalability. A benefit of 

this protocol is that the player can control its playback 

buffer size by dynamically adjusting the rate at which new 

fragments are requested. The adaptation is performed by 

varying the quality of the streamed video. Multiple video 

segments constitute a video stream lasting from as little as 

2 seconds to as much as having a 10 second chunk 

delivery rate. Segments are encoded and stored on the 

server in numerous quality versions, termed 

representations. Each version has a unique resolution, 

bitrate and/or quality. A client downloads segments using 

HTTP GET statements [52]. However, with adaptive 

streaming a client might request subsequent segments at 

different quality levels to manage varying network 

conditions, based on an estimation bandwidth. To do this it 

uses a manifest file that contains information about the 

video segments. Protocols and standards such as MPEG 

Dynamic Adaptive Streaming over HTTP (DASH), Apple 

HTTP Live Streaming (HLS), Microsoft Smooth 

Streaming (MSS) or Adobe HTTP Dynamic Streaming 

(HDS) typically use a media playlist that contains a list of 

uniform resource identifiers (URIs) that are addresses to 

media segments. The process of determining the ideal 

representation for each segment to enhance the user’s 

experience is pivotal to adaptive streaming. The controller 

algorithm estimates the network bandwidth and chooses 

the next bitrate level corresponding to the available 

network bandwidth. Variations in the available bandwidth 

will result in jerky playback and disruption of the video 

playback if the throughput falls below the bit rate 

requirement of the video. This is the major challenge in 

adaptive video streaming. Selecting appropriate bitrate 

levels helps to maximize the user experience. Generally, 

higher bitrates and resolutions will give better user 

experience. For example, if a client approximates that 

there is 9.5Mb/s available in the network, it might request 

the server to stream video compressed to the highest video 

rate available, 9.5Mb/s, or the next rate below, 9.3Mb/s. If 

the client picks a video rate that is too high, the viewer 

will experience annoying re-buffering events; if they pick 

a streaming rate that is too low, the viewer will experience 

poor video quality. 

Adaptive streaming uses the HTTP/TCP protocol stack to 

transmit video Web traffic. Thus, the development of this 

wave of HTTP-based streaming applications is not 

referred to as adaptive streaming over HTTP. The use of 

HTTP/TCP protocols for video streaming is because of the 

advantages that HTTP/TCP offers. It allows standard web 

servers and caches to be used increasing its’ cost 

effectiveness. Another advantage is that all firewalls are 

configured to support HTTP connections [39]. In addition, 

is allows better scaling as HTTP is stateless and the 

streaming session is managed by the client, thus reducing 

the load on the server. However, HTTP/TCP use reveals 

further challenges as adaptation is on top of TCPs 

congestion control algorithm, which forms nested control 

loops. As the throughput of the TCP connection depends 

on both the link capacity and the amount of congestion, 

the throughput can vary significantly over time [28]. 

In the presence of competing HTTP-based adaptive 

streaming (HAS) clients the TCP throughput does not 

always faithfully represent the fair-share bandwidth [23]. 

Three performance issues that can take place when two or 

more adaptive streaming players share a network 

bottleneck and compete for available bandwidth are 

instability, unfairness and utilization[32]. It is shown that 

in the case of two competing video flows Adaptive video 

streaming players provide a received video rate that 

oscillates around the fair share, but with an increased 

number of video level switches [33]. Depending on the 

temporal overlap of the ON-OFF [29] periods among 

competing players, they may not estimate their fair share 

correctly [9]. In the case where both players overestimate 

their fair share, they may request a video representation 

with a higher bitrate than the fair share, which causes 

network congestion. Consequently, the players measure 

that their TCP throughput is lower than their previous fair 

share estimate, and so switch down to a lower video bitrate 

level. This creates a repeating oscillatory scenario, so 

inducing instability. A scenario can also occur where some 

players are requesting chunks with lower bitrates than the 

other players. This can occur as some players observe a 

throughput lower than the fair share, while others observe 

a throughput that is more than the fair share. This means 

that some players overestimate its fair share. When some 

players overestimate their fair share, it can be that the 

system of players converge to a stable equilibrium, but 

unfair. This occurs as the players with the larger fair share 

estimates request higher bitrate video levels. Even in the 

case where two players estimate their fair share correctly, 

bandwidth underutilization can still be prevalent. This 

occurs as both players request the same lower video bitrate 

level, which causes underutilization, even though stability 

and fairness still exist. In reality, several other factors can 

play an important role in the appearance and extent of 

instability, unfairness and underutilization, such as the 

exact player adaptation algorithm, TCP dynamics, 
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bandwidth fluctuations, and the variability of the video 

encoding rate [1]. We group these problems into three 

categories: The first relates to the stability of the players in 

terms of requested bitrates and video quality. The second 

is the unfairness among competing players. The third is 

the potential bandwidth underutilization when multiple 

adaptive players compete. They are described as follows: 

Instability: The instability for player 𝑖 at time 𝑡 is given in 

Equation below, where 𝑤(𝑑)  =  𝑘 – 𝑑 is a weight 

function that puts more weight on more recent samples. 𝑘 is selected as 20 seconds. 𝐼𝑛𝑠𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =  ∑ |𝑟𝑖,𝑡−𝑑 − 𝑟𝑖,𝑡−𝑑−1| ∗ 𝑤(𝑑)𝑘−1𝑑=0 ∑ 𝑟𝑖,𝑡−𝑑𝑘−1𝑑=0 ∗ 𝑤(𝑑)                
 
Unfairness: Let 𝐽𝑎𝑖𝑛𝐹𝑎𝑖𝑟𝑡  be the Jain fairness index (cf. 
Equation 10) calculated on the average received rates [19], 𝑟𝑖, (cf. Equation below) at time  𝑡 over all players. The 

unfairness at time t is defined as √1 −  𝐽𝑎𝑖𝑛𝐹𝑎𝑖𝑟𝑡 . A lower 

value implies a more fair allocation. 
 𝑟𝑖 =  𝑑𝑜𝑤𝑛𝑙𝑜𝑎𝑑𝑒𝑑 𝑏𝑦𝑡𝑒𝑠𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙                           

 𝐽𝐹𝐼 =   (∑ 𝑟𝑖𝑛𝑖=1 )2𝑛 ∑ 𝑟𝑖2𝑛𝑖=1        
 

The utilization metric is defined as the aggregate 

throughput during an experiment divided by the available 

bandwidth in that experiment (cf. Equation below, where 𝑡𝑝𝑖  is the throughput at time 𝑖 and 𝑏𝑤 is the experimental 

available bandwidth).  

 𝑈𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 =  ∑ 𝑡𝑝𝑖𝑛−1𝑖=0𝑏𝑤 . 

V. SDP DASH-BASED APPROACHES 

A. Method A [36] 

HTTP Adaptive Streaming (HAS) is becoming a key 

technology for audiovisual broadcasting, although the 

varying conditions of the networks imply an uneven video 

quality. So, there are currently many client players 

endowed with proprietary adaptation algorithms aiming at 

maximizing the perceived quality. Looking for the best 

user's Quality of Experience (QoE), an adaptation 

algorithm based on the Q-Learning method is proposed by 

authors. This analysis identifies the variables that best 

capture the system dynamics and establishes a formulation 

for the characteristic functions of this Reinforcement 

Learning method. In addition, suitable parameter 

configurations for the algorithm are analyzed together with 

its convergence. Experimental results confirm the ability 

of the proposed solution to control efficiently the selection 

of the segment qualities, so that quality switches are 

minimized, and the occurrence of freezes is diminished. 

Moreover, a performance comparison with other strategies 

shows that this novel approach outperforms them. Finally, 

the adaptiveness of this strategy to changing environments 

is also assessed. 

B. Method B [6] 

HTTP Adaptive Streaming (HAS) is becoming a key 

technology for audiovisual broadcasting, although the 

varying conditions of the networks imply an uneven video 

quality. So, there are currently many client players 

endowed with proprietary adaptation algorithms aiming at 

maximizing the perceived quality. Looking for the best 

user's Quality of Experience (QoE), an adaptation 

algorithm based on the Q-Learning method is proposed. 

This analysis identifies the variables that best capture the 

system dynamics and establishes a formulation for the 

characteristic functions of this Reinforcement Learning 

method. In addition, suitable parameter configurations for 

the algorithm are analyzed together with its convergence. 

Experimental results confirm the ability of the proposed 

solution to control efficiently the selection of the segment 

qualities, so that quality switches are minimized, and the 

occurrence of freezes is diminished. Moreover, a 

performance comparison with other strategies shows that 

this novel approach outperforms them. Finally, the 

adaptiveness of this strategy to changing environments is 

also assessed. 

VI. EXPERIMENTAL SETUP 

A virtual network is setup (cf. Figure 1) on the same host 

machine creating a custom emulation framework. Our 

setup consists of client players, video servers, and a 

bottleneck link. The server resides on a Windows 10 

machine. All experiments are performed on a Windows 10 

client with an Intel(R) Core(TM)i7-5500U CPU 2.40GHz 

processor, 16.00 GB physical memory, and an Intel(R) HD 

Graphics processor. It serves video data to the client(s) 

who are on a Ubuntu operating system hosted on VMware. 

The virtual machine is allocated 12GB of physical 

memory.  

Figure 1: Streaming Setup 

TAPAS [27] is installed on Ubuntu 15.04 Linux. The 

TAPAS Adaptive Video Controller client makes different 

video segment bitrate level requests to the Apache server. 

TAPAS allow multiple instances of the player to be 

created enabling multi-client scenarios. This work 

involves the interaction between adaptive streaming 

algorithm at the controller and TAPAS player (cf. Figure 

6). All traffic between clients and servers go through the 

bottleneck, which uses VMware settings which allow 

bandwidth limits to be set during the experiment. TAPAS 

support both the HTTP Live Streaming (HLS) [53] and 

Dynamic Adaptive Streaming over HTTP (DASH) format 

[5]. Algorithms that uses Method A and Method B was 

tested and shown to work on both MPEG-DASH [49], and 
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Apple HTTP Live Streaming (HLS) [37]. This makes it 

useful for video on demand (VOD) [13]and live streaming 

[51], for example, real-time video chats. However, the 

MPEG-DASH standard is used for testing in this research 

paper, because it makes the experiments more comparable 

to the ones in the research literature, for example, [11], 

[48], [8].  

The ten-minute-long MPEG-DASH video sequence 

“Elephant’s Dream” is encoded at twenty different 

bitrates, between 46 Kbps to 4200Kbps and five different 

resolutions, between 320x240 to 1920x1080, is used to run 

the experiments (cf. Table II). The video is encoded at 24 

frames per second (fps) using the AVC1 codec [36]. 

Fragment duration of 2s is used and is recorded in the mpd 

playlist accordingly. All the DASH files (.m4s fragments 

and .mpd playlists) are placed on the Apache server. We 

implemented three client-side algorithms in the TAPAS 

controller. The conventional approach is present by default 

and is used as a baseline in which to compare against other 

algorithms. TAPAS is lightweight in built, thus allowing 

the same receiving host to run a large number of separate 

video player instances at the same time at different 

command line interfaces. Thus, it allows the multi-client 

scenarios which are essential to the work in this paper. 

VII. RESULTS 

The first experiment illustrates five players competing at a 

20Mbps bottleneck link. Table 1 gives the results. Method 

B outperforms Method A and the Conventional. 

Table 1 

 Method A Method B Conventional 

Utilization 0.87 0.93 0.68 

Unfairness 0.029 0.013 0.124 

Instability 0.189 0.128 0.311 

 

The second experiment illustrates five players competing 

at a 20Mbps bottleneck link and stopping or pausing 

during the experiment. Table 2 gives the results. Method B 

outperforms Method A and the Conventional. 

Table 2 

 Method A Method B Conventional 

Utilization 0.89 0.94 0.71 

Unfairness 0.038 0.016 0.136 

Instability 0.178 0.134 0.356 

 

The third experiment illustrates five players competing at 

a 100Mbps bottleneck link with increasing number of 

players up to 20. Table 3 gives the results. Method B 

outperforms Method A and the Conventional. 

 

Table 3 

 Method A Method B Conventional 

Utilization 0.82 0.87 0.59 

Unfairness 0.045 0.039 0.173 

Instability 0.210 0.183 0.384 

 

The fourth and final experiment illustrates five players 

competing at a 20Mbps bottleneck link in bandwidth 

varying conditions. Table 4 gives the results. Method B 

outperforms Method A and the Conventional. 

Table 4 

 Method A Method B Conventional 

Utilization 0.79 0.85 0.55 

Unfairness 0.129 0.089 0.398 

Instability 0.199 0.168 0.401 

VIII. CONCLUSION 

Q-learning is an important class of optimization which has 

recently been used in the area of dynamic adaptive 

streaming over HTTP (DASH). Though DASH is very 

popular method of video delivery in recent years it is 

plagued with problems when multiple players share a 

bottleneck link. Thus, this area has become a very active 

area of research. Two works which implement Q-learning 

in DASH are selected and their performances compared 

against the Conventional DASH player. It is shown that Q-

learning works well for various network conditions. 

However, one method outperforms the others in the 

experiments conducted. 
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