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QoE-Based MEC-Assisted Predictive Adaptive Video Streaming
for On-Road Driving Scenarios

Wanting Yang , Graduate Student Member, IEEE, Xuefen Chi , Linlin Zhao , Member, IEEE,

and Zehui Xiong , Member, IEEE

Abstract—This letter studies a multi-access edge computing
assisted predictive adaptive video streaming scheme for on-road
driving scenarios based on deep reinforcement learning (DRL).
By judiciously designing the state and the reward, the user
movement awareness is integrated into our scheme, which enables
it to make proactive decisions that can maximize the long-term
quality of experience. To enhance the learning efficiency, we intro-
duce the post-decision state into DRL. The effectiveness of the
scheme has been validated by simulation results.

Index Terms—Adaptive video streaming, PDS-DQN, QoE,
mobility-aware, MEC.

I. INTRODUCTION

ONLINE video applications have been booming. However,
the transmission in the dynamic wireless link is still a

bottleneck [1]. Especially for the vehicular users, their wire-
less channel gains may vary considerably over time. The high
fluctuation in bandwidth share imposes a serious challenge to
preserve the desired user quality of experience (QoE).

Considering that the multi-access edge computing (MEC)
server has a better viewpoint of the competing users’ wireless
channel conditions than the individual users, some research has
transferred the intelligence of adaptive video streaming (AVS)
from user side to MEC side. In recent years, Chang et al.
presented an edge-assisted AVS scheme in [2]. The superiority
of the real-time reaction to dynamic channel conditions of
MEC-side schemes has been demonstrated. Then, the authors
in [1] and [3] further demonstrated the gain of the resource
utilization brought by the centralized video quality assignment.
However, the AVS scheme in both works can only provide a
best-suited QoE value in the current environment.

Recently, some research has resorted to reinforcement learn-
ing (RL) paradigm to optimize the long-term QoE. In [4],
Luo et al. formulated the joint optimization problem including
video quality adaptation as a Markov decision process (MDP).
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Unfortunately, all these works only considered the small-scale
fading in channel modeling. The finite state Markov channel
model adopted in their work fails to capture the large-scale
channel gain variations caused by user movement, which makes
their schemes only applicable to walking-speed scenarios.

Atawia et al. were one of the few research teams working on
video delivery strategies in fast moving scenarios [5]. In [5],
Atawia et al. proposed a multi-user predictive AVS (PAVS)
scheme based on the predicted channel variations to achieve
the long-term fairness in video-quality level assignment. They
addressed the issue of quality assignment lagging behind the
channel variation in the fast moving scenarios. However, only
two metrics, average quality and video stalling, are consid-
ered in [5], when evaluating user QoE. The most applicable
metric in on-road driving scenarios, i.e., quality level switch-
ing, was not well addressed, possibly because it made the
high-dimensional optimization problem more challenging.

Different from the predict-and-optimize PAVS scheme
in [5], we propose an end-to-end PAVS based on deep
Q-network (DQN), where the three QoE metrics1 mentioned
above are all considered. To make it work in the on-road driv-
ing scenarios, we introduce a new assisted time scale to record
the large-scale channel variation in fast moving scenarios, from
which the user mobility information, such as driving velocity
and direction, can be extracted. In this sense, by integrating
the variation of historical channel gains into the state, the
channel prediction can be naturally captured by the delivery
controller, which enables our scheme to make proactive deci-
sions to maximize long-term QoE even with large fluctuations
in average channel gains.

Moreover, specifically for the partially-known MDP model
in our scheme, we introduce a post-decision state (PDS)
into DQN and propose an amalgamated PDS-DQN algo-
rithm. By integrating the available part of model into the
design of the Q-network, the action-value function can be esti-
mated by training a smaller neural network (NN) designed for
the PDS-value function. The superiority of PDS-DQN over
conventional DQN in terms of learning efficiency has been
proven in simulations and the effectiveness of our scheme
has been validated by the comparison with baseline algorithm
in [5]. Moreover, simulation results show that transfer learning
can speed up convergence significantly, which allows for the
possibility of online training for refining the models.

11) Average quality: The average chunk quality level assigned in a video
duration; 2) Video stalling: The duration of video stalling in a video duration;
3) Quality switch: The number of quality level switches in a video duration.
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Fig. 1. Scenario description.

Fig. 2. Timescale illustration.

II. SYSTEM MODEL

As shown in Fig. 1, we consider a road across multiple cells.
Each base station (BS) is connected to a MEC server with
transcoding technology and serves an active vehicular video
user set denoted by M, where the user is indexed by i ∈ M.
The MEC server is responsible for making a video quality
assignment strategy and finishing transcoding, as well as deliv-
ering the video contents to the BS. The BS is responsible
for scheduling and transmitting video packets to the users.
Assume that the BS maintains individual queues to cache the
packets waiting to be scheduled for users. Moreover, the deliv-
ery model in MEC server mainly consists of three units. The
MEC server may well have cached the highest quality level
video contents requested by users with the edge caching tech-
nology. If the video content is not pre-cached, the content
request handler unit redirects and downloads video content to
local cache [7]. Then, the cache and transcoder unit transcodes
the video content to the favourable quality levels if necessary
under the control of the learning-enabled delivery controller.

The video contents stored in the local cache are divided
into multiple video chunks with equal duration τchunk, which
is the minimal unit for transcoding. The video playback starts
after the user receives the first entire video chunk. The period
between the two quality level assignment time points is called
the quality assignment interval (QAI) and indexed by q. We
equalize the QAI duration τQAI and τchunk.2 Each video chunk
can be transcoded into several quality levels denoted by L =
{1, 2, . . . ,L}. Moreover, let l iq ∈ L denote the quality level
assigned to user i in QAI q. A higher value of l iq means a
higher video quality. Accordingly, the average bitrate of the
video chunk assigned to user i in QAI q is denoted by R(l iq ).

To capture the trend of the user average channel gain, we
introduce an intermediate time scale called time frame (TF)
between the QAI and the transmission time interval (TTI)
between the two resource allocation time points. During a TF,
the large-scale channel gain is assumed to remain constant. A
QAI consists of T TFs and the TF in a QAI is indexed by

2In conventional AVS schemes, the value of τQAI depends on the transmis-
sion duration of a video chunk. Whereas, in the steady state, τQAI should be
approximately equal to τchunk. To facilitate the delivery controller’s learning,
we set τQAI = τchunk from the beginning of training process.

t ∈ (0,T ]. The relationship of the three time scales is shown
in Fig. 2. Assume that the average channel gain experienced
by each user i within TF t in QAI q (denoted by G i

q,t ) can be
obtained by the delivery controller via accessing the channel
status information in the intrinsic Radio Network Information
Service of MEC [6]. To facilitate the handover management
for maintaining the user QoE, we assume the user historical
channel gain information can be shared with the adjacent BSs.

III. ADAPTIVE VIDEO STREAMING WITH DRL

A. Reinforcement Learning Framework

In this letter, the delivery controller acts as an agent. The
time step in RL framework is specified as an AQI and Q time
steps are treated as an episode. At each time step q, the agent
observes the state sq of the environment and executes an action
aq . Then, the agent receives a reward rq from the environment
and transits into a new state sq+1. The goal of the agent is to
learn a mapping from sq to aq (i.e., policy π) for maximizing
an expected accumulated reward E[

∑Q−1
q=1 γq−1rq ] during an

episode, where γ denotes the discount factor. The detailed
design of the RL framework is given as follows:

1) State: In each time step q, to keep the video quality con-
sistency, the video-quality level assigned in the last AQI should
be considered and is denoted by sLq = (l1q−1, l2q−1, . . . , lMq−1)T.
In addition, to reduce the video stalling events, the queue
length in BS also must be considered, which is denoted
by sBq = (B1

q ,B
2
q , . . . ,B

M
q )T, where B i

q denotes the queue
length for user i at the start of QAI q. Moreover, the play-
back smoothness depends heavily on the current channel
states. On top of that, to capture the channel gain varia-
tions in the on-road driving scenarios, the long-term channel
prediction should also be integrated into the RL paradigm.
To this end, the average channel gains in the past TFs with
the last NQ QAIs should also be included into sq which
can help the agent capture the user mobility pattern [8].
These state values related to the channel gain can be con-
structed as an M-row and (NQ×T )-column matrix denoted by
sGq = [Gq−1,T , . . . ,Gq−1,1, . . . ,Gq−NQ+1], where Gq,t =

[G1
q,t ,G

2
q,t , . . . ,G

M
q,t ]

T. From the above analysis, the state in
step q can be expressed by a matrix sq = [sLq , s

B
q , s

G
q ] with M

rows and (NQ × T + 2) columns.
2) Action: In time step q, the agent determines the assign-

ment of video quality levels according to sq , i.e., aq =
(l1q , l

2
q , . . . , l

M
q )T ∈ LM to achieve a desired long-term QoE.

3) Reward: The long-term goal of the agent is formalized
in the immediate reward passing from the environment in each
time step. In order to characterize the effect of aq on the QoE,
the reward rq aims to capture a weighted combination of the
three metrics in QoE evaluation. Thus, rq is defined as

rq =
M∑

i=1

l iq − λ
M∑

i=2

∣
∣l iq − l iq−1

∣
∣α − κ

M∑

i=1

log
(
B i

q+1 + 1
)
, (1)

where the parameters λ, κ, and α are weight coefficients. The
positive reward of high quality level and the negative reward
of quality level switching, i.e., the first two parts in (1), are
two explicit functions about aq and sL

q . Whereas, the play-
back smoothness cannot be explicitly expressed, which not
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Fig. 3. Q-network structure.

only depends on aq and sq , but relies on the scheduling mode
adopted by the BS. We assume that the action in each QAI can
been fully implemented. The playback smoothness of video
content assigned to the users is mainly affected by the channel
gains. In this sense, we use sBq+1 to quantitatively characterize
playback smoothness. If the queue length is larger than zero,
which means that the quality level assigned to the user is too
high to allow the video chunk to be transmitted in QAI q, the
third part will serve as a stalling penalty to the reward.

B. PDS-DQN Structure

Based on the immediate reward defined in (1), the
action value, which the agent aims to learn a policy π to

maximize, is defined as Q(sq , aq )
Δ
= E[

∑Q−1
i=q γi ri |sq , aq ].

The optimal action-value function is defined as Q∗(sq , a)
Δ
=

maxπQπ(sq , aq ), from which the optimal policy can be
decided as π∗ = argmaxaQ

∗(sq , a). The Bellman equation
for Q∗(·) can be expressed by

Q∗
(
sq , aq

)
= E

[
rq + γmax

a
Q∗

(
sq+1, a

)∣
∣sq , aq , π

∗
]
. (2)

Considering that the state lies in continuous space and the
action lies in discrete space, we resort to DQN and employ a
deep neural network (NN) to learn the optimal action value.

From the RL model defined above, we can see that both
the values of the first two parts in the reward function
and the first state vector sLq+1 in the next time step can
be determined immediately after the execution of aq . To
leverage the partially known model to enhance the learn-
ing efficiency, we introduce a PDS s̃q = [aq , s

B
q , s

G
q ] between

sq and sq+1 [8]. The transition process of sq → s̃q is
denoted by s̃q = T PDS(sq , aq ) for short. Accordingly, the
reward function is further decomposed as rq = rk

q + ru
q . The

reward rkq is the reward received from transition sq → s̃q ,
i.e., rkq =

∑M
i=1 l

i
q − λ

∑M
i=1 |l iq − l iq−1|

α
, which is denoted

by rk
q = frk(sq , aq ) for brevity. In this sense, the reward

ruq corresponds to the video stalling penalty. As the effect
on the playback smoothness of action sLq executed in QAI
q − 1 has been incorporated into sBq , the value of ruq only
relies on s̃q . Thereby, ruq can be regarded as the reward
received form transition s̃q → sq+1. Define the PDS-value
function of s̃q as the expected accumulated reward started

from s̃q , i.e.,V ∗(s̃q )
Δ
= E[ruq +

∑Q−1
i=q+1 γ

i ri |̃sq , π∗]. Then,
the Bellman equation (2) can be re-expressed as follows:

V ∗
(
s̃q
)
= E

[
ruq + γmax

a
Q∗

(
sq+1, aq

)]
, (3)

Q∗
(
sq , aq

)
= E

[
rkq + V ∗

(
s̃q
)]
. (4)

Algorithm 1 PDS-DQN Based Adaptive Video Streaming
1: Initialize reply memory D
2: Initialize the weights of two CNNs θCV and θTV with random weights
3: for episode = 1 to MAX_EPISODE do
4: Initialize s
5: for q = 1 to Q do
6: With probability ε select a random aq
7: otherwise select aq = argmax

a
Q(sq , a)

8: Execute action aq
9: for t = 1 to T do

10: Execute packet scheduling algorithm within QAI q
11: end for
12: Calculate reward rq based on (1)
13: sq+1 ← sq
14: Record transition eq =

[
sq , aq , rq , sq+1

]
in D

15: Sample random B of transitions
[
sm , am , rm , sm+1

]
from D

16: ym = rm +max
a

(
rkm+1 +V

(
TPDS

(
sm+1, a

)
; θTV

))

17: Perform a gradient descent step based on (5) with respect to θCV
18: Every TARGET_REPLACE time steps reset θTV ← θCV
19: end for
20: end for

As the PDS s̃q and rkq become deterministic given that the
agent executes action aq at state sq , (4) can be rewrit-
ten as Q∗(sq , aq ) = rkq + V ∗(s̃q ). Based on this, we
use a convolution neural network (CNN) to approximate
V ∗(s̃q ) and the approximated Q∗(sq , aq ) can be expressed as
Q(sq , aq ; θV ) = frk(sq , aq ) + V (T PDS(sq , aq); θV ), where
θV is the CNN weight set to be trained. The Q-network is as
shown in Fig. 3.

To help the agent find the optimal policy, the ε-greedy strat-
egy is utilized to choose the current action. In order to keep the
learning stability, we use two CNNs with the same structure
and the initial weights. One named current network is used
to choose the action, the weights of which are denoted by
θCV and update in each training step. The other named target
network is used to calculate the Q-value, the weights of which
are denoted by θTV and update periodically according to θCV .
Additionally, the experience replay strategy is adopted to break
the correlations among data samples in training. The experi-
ence vector composed by eq = [sq , aq , rq , sq+1] is recorded
in the reply memory D. In each time step, the agent sam-
ples a mini-batch of the experiences B from D to train the
Q-network. The loss function used in training is given by

Floss = E

[(
ym−

(
rkm+V

(
TPDS(sm , am ); θCV

)))2
]

, (5)

where ym = rm + max
a

(rkm+1 + V (TPDS(sm+1, a); θ
T
V )).

The PDS-DQN based adaptive video streaming algorithm is
described in Algorithm 1.

IV. SIMULATION RESULTS

A. Simulation Setup

In our simulation, we focus on a cell with the radius of
500 m, where four users move along a road. The channel
gain is modeled as 35.3 + 37.6log10(d) in dB [8], where d
is the distance between a user and BS in meters. The trans-
mitting power and noise power are given as 46 dBm and
−95 dBm. Assume that the proportional fair scheduling algo-
rithm is applied to finish user scheduling in each TTI. The
actual transmission rate during each TTI is determined by
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Fig. 4. Learning curves of cumulative reward and the three QoE metrics for the scenario with the first four users in Table I. The cureves are smoothed
by averaging over a window of 40 episodes. The exploration probability ε linearly decreases from 0.2 to 0 within the first 40000 episodes. The penalty
coefficients in (1) are set to λ = 0.3, α = 2, and κ = 1.

TABLE I
PARAMETERS FOR USER GENERATION

the selected Modulation and Coding Scheme [9]. Besides, the
MEC server jointly considers the average channel gain in the
past two QAIs, i.e., NQ = 2. The duration of QAI, TF, and
TTI is set to 3 s, 1 s, and 1 ms, respectively. The videos
requested by the users can be transcoded into four video-
quality levels with the average bitrates 8 Mbps, 10 Mbps,
15 Mbps, and 20 Mbps, respectively. Assuming that the packet
size is 1000 Bytes, we model the number of the packets gener-
ated in MEC transcoder in each TTI as independent identical
distributed Poisson distribution.

Assume that the distance D between the BS and the road
is 200 m. The initial positions of the users are scattered along
the road in the cell. The initial velocity ranges from 30 to
45 km/h and each user’s acceleration in each TF is drawn
from the Gaussian distribution with zero mean and standard
deviation of 0.3 m/s2 [8]. The other generating parameters of
the eight users involved in the simulations are listed in Table I.

B. Fine-Tuned Parameters in DQN

With the aim of optimizing the long-term QoE, the discount
factor is set to γ = 1. Since the state elements have different
ranges, the buffer states and the channel gains are scaled as
their natural logarithm before going through the Q-network.
The input matrix first goes through a convolution layer with
30 out-channels and kernel size of 2, and then goes through
a max-pooling layer with kernel size of 2 and stride of 1.
Then the output matrix is flattened into a one-dimensional vec-
tors and put to three fully-connected layers with 400 nodes,
300 nodes, and 256 nodes respectively. The initial weights
obey the normal distribution with zero mean and standard
deviation of 0.1. Except for the max-pooling layer and the
output layer, the other layers employ batch normalization and
then are full connected with rectified linear unit as the acti-
vation function. Besides, Adam is used to adjust the learning
rate during training, and the initial learning rate is 10−5. The

number of the time steps in an episode (i.e., Q) is set to 20.
The target network is updated at a frequency of once every
ten time steps. The replay memory size is |D| = 104 and the
mini-batch size is |B| = 64.

C. Performance Evaluation

As it is still challenging to give a rigorous analytical proof
of the convergence, the convergence of our scheme may
deserve further study, which is beyond the scope of this let-
ter. Nonetheless, we have provided the simulation results to
numerically validate the convergence. As shown in Fig. 4(a),
the algorithms can converge to a favorable policy after suffi-
cient exploration and learning steps. The time complexity of
the PDS-DQN algorithm is O(MAX_EPISODE × Q). With
NVIDIA GeForce GTX 1650 GPU, the average computational
time in each training step is 0.006 s. Moreover, the superior-
ity of the proposed PDS-DQN algorithm in terms of both the
convergence speed and the cumulative reward compared to the
non-PDS counterpart has been demonstrated.3

For validating the effectiveness, the learning curves for the
three QoE metrics4 in the above training process are shown
respectively in Fig. 4(b)–Fig. 4(d). It is to be pointed out that
the exploration of agent is to select a random action within
A in the first half of the training process, and in the second
half, it is to randomly increase or decrease a quality level
based on the action given by the current policy. Thereby, the
quality fluctuation index decreases significantly after 20000
episodes. Moreover, we treat the PAVS scheme in [5] as the
baseline scheme.5 Since the mobility is assumed to be known
in the baseline scheme, we consider the same four-user sce-
nario, where the users keep the constant velocity of their initial
velocity. It can be seen that our algorithm has a significant
advantage in terms of both video quality and video fluctuation
after convergence. Moreover, the channel gain variations are
shown in Fig. 5(a). By comparing Fig. 5(b) and Fig. 5(c), it can
be seen that both PAVS schemes can well capture the user’s

3In non-PDS counterpart, the NN’s structure and the hyper-parameters is
same as that in the Section IV-B, except that the complete state matrix is
treated as the NN’s input.

4The quality fluctuation index is calculated as
∑Q

q=2 |l iq − l iq−1|
2

. The
stalling ratio is the ratio of the cumulative delay and the episode duration,
where the delay in QAI q is calculated as B i

q/R(l iq ).
5To ensure fairness, we assume that the average data rate can be predicted

perfectly based on the known user traces.
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Fig. 5. Comparison of quality assignment strategies in two schemes for the scenario with the first four users with constant velocity of the initial velocity in
Table I. The curves of our scheme in Fig. 5(b) and Fig. 5(d) are drawn based on results in the successive 500 episodes after convergence.

Fig. 6. Learning curves of cumulative reward with TL and without TL for
the scenario with the last four users in Table I. The curves are smoothed
by averaging over a window of 40 episodes. The exploration probability ε
linearly decreases from 0.1 to 0 and 0.2 to 0 within the first 20000 and 40000
episodes, respectively.

Fig. 7. The CDFs of the three QoE metrics in episode 20000 to episode 30000
in the training process with TL and episode 40000 to episode 50000 in the
counterpart without TL.

channel variation. However, due to the strict fairness guaran-
tees of the baseline scheme in each QAI, which is measured
by the cumulative and current quality assigned, many unneces-
sary quality switches are introduced. The average Jain fairness
index (i.e., (

∑
xi )

2/n
∑

xi
2) of the total quality assigned to

each user are shown in Fig. 5(d). It can be seen that although
the fairness index of our scheme is lower than that in the
baseline, it can still achieve over 0.995.

However, when the users’s initial position changes signif-
icantly, the network has to be re-trained as the MDP model
changes with it. In order to explore whether the scheme can
be applied in practice, we consider the transfer learning (TL)
to enhance learning efficiency. We use the well-trained model
in the scenario with the first four users as the initialization
of a new model to be trained for the scenario with the last
four users in Table I. As shown in Fig. 6, the TL is indeed
effective to speed up the convergence. In Fig. 7, we present

the cumulative distribution functions (CDFs) of the three QoE
metrics in episode 20000 to episode 30000 in the training
process with TL and episode 40000 to episode 50000 in
the counterpart without TL, from which we can see that the
performance of the both has already been comparable and
have all outperformed the baseline scheme in terms of average
quality and quality fluctuation.

V. CONCLUSION

In this letter, we proposed a MEC-assisted PAVS scheme
for on-road driving scenarios. The effectiveness of our
scheme and the potential of TL to speed up convergence have
been validated by simulation results. In the future works, we
will further combine TL with virtual experiences generated
based on theoretical knowledge to enable the scheme to satisfy
the requirement for real-world applications.
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