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Abstract The quality of streaming video depends on accurate estimation of network through-
put, which is challenging in mobile networks due to a highly volatile environment. We used data
traces obtained from measurements in 4G and 5G mobile networks, supplied them to an LSTM
network and received a prediction of throughput for the next four seconds. Next, we took three
dynamic adaptive streaming over HTTP (DASH) algorithms and replaced their default through-
put estimation based on moving averages with the LSTM prediction. As the experiment shows, the
traffic prediction improved the effectiveness of network capacity utilisation and stability of video
playback between 5% and 25% compared to the default estimation. Our approach relies only on
past throughput measurements, does not require any modifications to network infrastructure or
protocols and is implementable in any DASH player.

Keywords Traffic prediction · Artificial neural networks · Adaptive video

1 Introduction

Streamed multimedia are susceptible to highly variable packet delays, losses and fluctuating network
capacity. Therefore, streaming high-quality video to users, especially in mobile networks, remains
a challenge. Modern mobile networks offer high maximum capacity; however, due to the nature of
wireless transmission, inherent variability in signal strength, interference, noise, and user mobility,
their throughput usually has high variability. Content providers split a video file into segments and
encode every segment with a different bit rate to cope with this unstable network environment. Such
an approach allows a player to switch the media bit rate (and hence the quality) after downloading
each segment, thus adapting video quality to the current network conditions. This adaptation is
critical to ensure good quality of experience (QoE) for Internet video.

The rate-adaptation algorithm is the main component and a challenge in a DASH system
because the client has to estimate, and sometimes even predict, network conditions or the dynamics
of the available throughput. Furthermore, the video player has to control the filling level of its local
buffer to avoid underflows resulting in playback interruptions. The rate adaptation algorithm might
work well when the player does not share a connection with other flows, network resources are
stable and do not fluctuate. Since the client measures network throughput using usually a moving
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average, this estimate differs from real throughput. This mismatch results in undesirable behaviour
of streaming algorithms which can be both too conservative and too aggressive. A solution to this
problem is to predict the future network throughput. As the video segment usually have several
seconds, the prediction is short-term and does not rely on seasonality. Prediction can improve the
efficiency of bit rate selection, which translates to lower startup delay and offers better mid-stream
bit rate adaptation. Researchers estimate that the applied prediction achieves between 68% - 89%
of the optimal quality. The exact numbers are dependent on the playback algorithms employed in
a DASH player [1].

In our work, we predict throughput using traces from 4G and 5G networks from static and
mobile usage scenarios. In the next step, we replace the default methods of throughput estimation
in three DASH algorithms with the obtained predicted results. Finally, we show that the DASH
algorithms achieve better performance when equipped with prediction compared with reliance only
on an average of network measurements. Our approach does not require any modification to network
protocols or the DASH standard and its components. The solution only affects users’ players where
a more elaborate algorithm based on an LSTM artificial neural network (ANN) replaces the default
throughput estimation. With the information provided by the player’s measurement module, the
algorithm can estimate the expected throughput for the next few seconds. Because an LSTM ANN
requires some computation needed to learn and continually update its knowledge, this process
increases the usage of memory and CPU of a video player.

Taking the above into account, the contributions of the paper are: the prediction of 5G network
throughput at the application level in static and mobile scenarios, the comparison of the prediction
quality with the 4G trace, and the application of the prediction made by an LSTM ANN to improve
quality of video for three DASH players.

2 Related works

The existing literature on network throughput prediction is extensive and focuses particularly on
the general internet traffic, which aggregates flows originating from different kinds of applications:
multimedia streaming, web browsing, file downloading or peer-to-peer networking. The latest broad
review of prediction methods and a comparison of some of them can be found in [2]. A number of re-
search studies used linear regression, autoregressive integrated moving average (ARIMA), ARIMA
with an explanatory variable (ARIMAX), multiple linear regression, support vector regression,
GARCH processes and many others techniques derived from statistics. These methods are conven-
tionally called traditional and are considered descriptive in nature, aimed at analyzing datasets with
finite, countable, and explainable predictors. The authors of [3] made a comprehensive comparison
of the traditional methods using a 3G/HSPA data set.

The newer prediction schemes based on machine learning are sometimes used in accordance or
opposition to the traditional methods, and there is an ongoing debate about their accuracy and
computational requirements [4]. ANNs, considered as a non-traditional approach, play a role in
network traffic prediction mainly due to their universality and accuracy. Historically, the popularity
gained simple ANNs with a single hidden layer because versions with multiple layers, called deep
ANNs, were harder to train. After researchers overcome the training issues, deep ANNs became
popular and gradually replaced single-layered ANNs as a tool for the solution of more complex
problems. Because deep ANNs added more complexity and nonliterary to the network traffic model,
their prediction accuracy increased. Oliveira’s comparative study [5] discusses both approaches in
the context of network traffic prediction.

From the variety of deep ANNs, LSTM ANNs are one of the possible choices and are applied
readily due to their capability to capture long-range dependences characteristic of aggregated net-
work traffic, i.e. traffic composed of multiple flows. For example, an LSTM ANN was used to
identify recurrent patterns of various metrics to predict traffic in cellular networks in [6]. The work
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focuses on long-horizon prediction counted in days. In [7], the authors enhanced their LSTM-based
prediction with an autocorrelation function which captured the traffic cycles on a daily scale with
a prediction span between 5 and 60 minutes. In [8], the authors proposed to remove extreme values
by scaling a traffic trace. Their LSTM ANN had four hidden layers with a time window set to 32
units or more. The authors did not provide a prediction horizon, however, the data granularity was
more than one minute.

In the case of multimedia applications, the prediction of a single traffic flow is more important
and challenging than aggregated traffic [9]. A single flow, especially if transmitted through an
unstable mobile environment, can have much variability and sudden changes compared with an
aggregated trace smoothed by statistical multiplexing. Hence, the models of the aggregated traffic
are usually inapplicable to describe a single flow generated by a DASH system streaming video
segments in an ON-OFF fashion which contributes to significant bursts in the transmission. As
single flow prediction is a more challenging task, there are fewer works dedicated to this topic and
their authors focus mainly on a short-time prediction span. In [10] the authors applied LSTM and
Gated Recurrent Units (GRU) ANNs to predict traffic flow obtained from a sensor network for a
five minutes time horizon. They achieved better results compared with the ARIMA processes. A
comparative study [11] showed that for cellular network traffic, LSTM provides better prediction
than a stacked autoencoder. Unfortunately, the authors did not provide information about the
traffic traces used in the experiment.

Except for the historical throughput, an LSTM ANN sometimes operates on additional data to
improve the results; for example, the authors of [12] used a complex LSTM ANN with five hidden
layers and a multivariate dataset containing information about all downlink and uplink traffic for
a given base station. Other works use a meta-learning scheme including a set of predictors, each
optimized to predict a particular kind of traffic. The study by He et al. [9] applied this technique
to improve traffic scheduling in base stations with a prediction horizon set to 100 ms. The authors
of [13] stated that for the prediction of flow throughput the best result achieved Random Forest
technique which outperformed a deep ANN. They tested different time windows spanning from
0.03s to 4s on nearly 1 million flows containing traces from miscellaneous networks and applications.
Besides flow history data, the study used other attributes related to TCP: window size, window
scale or segments retransmissions. Azari et al. [14] compared an LSTM ANN and ARIMA by
examining the effect of different parameters of these prediction models. The simulation results
proved the superiority of LSTM over ARIMA, particularly when the training time series was long
enough. The same technique was used in [15] where the authors concluded that while historical
throughput is a principal feature, using it alone can lead to inferior performance compared to that
using all the features. Emphasising the importance of combining upper- and lower-layer information,
the authors claimed that using the four most important traffic features lead to almost the same
prediction performance as when using all of them. Another short-term prediction is proposed in
[16] where He et al. evaluated the ARIMA and LSTM for the prediction of both single and multiple
flows taking into account video and non-video traffic. Using a prediction span between 10 and 100
ms, they found that LSTM ANNs achieved good results at the cost of more training computations.

Most DASH algorithms use a simple prediction technique and estimate future throughput as an
average of past measurements [17]. In the more advanced approach, video players try to optimise
playback by employing methods from different domains. Some researchers apply prediction of net-
work throughput and show that it outperforms existing algorithms, which do not apply predictive
methods, while others observe that prediction alone is not sufficient and should be combined with
other techniques like buffer control [1]. Therefore, developers propose complex playback strategies,
where the throughput prediction is only part of them. In [18], the authors focus on inaccuracies in
throughput measurements occurring due to idle periods between the chunks causing sub-optimal
adaptation decisions. The authors show that a simple prediction scheme based on adaptive filtering
can improve the quality of the streaming video. Raca et al. in [19] compared several prediction
schemes, among them Support Vector Machines, Random Forest and LSTM ANN and applied
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them to a single DASH algorithm. Interestingly, the authors reported that a DASH player sup-
ported by the best predictor achieved nearly the same performance as in the case of the ideal
prediction. Besides application data, the model relied on network data, reaching as deep as the
physical layer, which may be a reason behind the extraordinary high accuracy of the prediction.
In [20], we proposed to employ (F)ARIMA processes, shallow ANNs and recursive auto-encoder to
enhance the performance of a DASH system.

In this work, we operate on traces gathered from 4G and 5G networks. As yet, the analysis
of the traffic generated by the latter network has limited coverage in the literature. Our approach
does not require any modifications to the network infrastructure or the TCP stack, as we solely
rely on network measurements performed on the application level. Consequently, our work shows
the impact of the prediction on video QoE without the support of any other information, which is
hard to gather and require profound changes in a DASH system. Contrary to the majority of the
works which aim at either short or long time horizons, our prediction span is 4 s, which is suitable
for a DASH system.

3 Theoretical background

3.1 Video Streaming Model

A video stream can be modelled as a set of consecutive data chunks {ci} where i ∈ {1, 2, . . . N}.
Every chunk contains L seconds of video encoded with different bit rates. Hence, the total length
of the video stream is N ×L seconds. A video player can choose to download the video segment ci
with the bit rate qi ∈ {Qmin, . . . , Qmax} [bit/s], where Qmin and Qmax are the bounds of the set
of all available bit rate levels. The amount of data in segment ci is then L× qi. The higher the bit
rate is selected by a video player, the higher is also video quality perceived by a user.

The video segments are downloaded into a player buffer, where they wait for the playback. At
the time ti, a video player starts to download the video chunk ci. The downloading time depends
on the selected bit rate qi as well as average network throughput ri. At time ti+d the chunk ci is
completely downloaded and at time ti+1, where ti+d ≤ ti+1, the video player starts to download the
next chunk ci+1. We denote by bi ∈ [0, Bfull] the length of video, counted in time units, stored in
the player buffer at the time ti. The buffer size Bfull depends on a particular video player and user’s
storage limitations. If we denote by ri [bit/s] average network throughput at time ∆ti = ti+d − ti,
then we have:

ti+d = ti +
Lqi

ri
,

where

ri =
1

∆ti

∫ ti+d

ti

r dt. (1)

While the video segments are being downloaded and played, the amount of data in the player’s
buffer changes. After the segment ci is downloaded, the amount of data increases by L seconds.
Meanwhile, the buffer occupancy decreases as the user watches the video. Hence, the evolution of
the buffer is described as:

bi+1 = max[(bi − ti+1 + ti), 0] + L.

If bi < ti+1 − ti, the buffer becomes empty while the video player is still downloading the chunk ci
what freezes the video.
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Fig. 1: Adaptation strategy for video. The algorithm selects the quality of the video taking into
account the level of player buffer and the prediction of network throughput obtained from its past
measurements.

3.2 Adaptation strategies

When at the time ti+1, a video player selects the bit rate qi+1, it has only knowledge of the past
throughput {rt, t ≤ ti}, while the future one {rt, t > ti} is not known. However, the video player
may use a predictor defined as {r̂t, t > ti} to get insight into the hypothetical future throughput.
Furthermore, also an inspection of the buffer level may provide supportive information to the
player. Taking into account the future throughput estimation and occupancy of the buffer, the
player selects the quality of the next segment ci+1, see Fig. 1, as follows:

qi+1 = f(bi, {r̂t, t > ti}).

In our work, the selection of the video bit rate is based on three exemplary approaches. The
first approach employs a simplified version of the algorithm implemented in MSS and is extensively
described in [21]. The second approach is based on implementation of ExoPlayer, which is a media
player platform for Android developed by Google [22]. The third solution is described in [23] and
we will refer to it as Tian2016.

The first algorithm selects the bit rate of a video chunk as follows

qi+1 =































q
+
i bi > Bmax (2a)

q
−

i bi < Bmin (2b)

q
−

i bi ∈ [Bmin, Bmax] ∧ (qi > r̂i) (2c)

qi bi ∈ [Bmin, Bmax] ∧ r̂i − d < qi < r̂i (2d)

q
+
i bi ∈ [Bmin, Bmax] ∧ (qi < r̂i − d) (2e)

The notation q+i and q−i denotes an increase or a decrease of the video bit rate qi by one level. The
basic idea of the buffer-based part of the algorithm is to select video bit rate based on the amount
of data available in a player’s buffer. Thus, when the buffer reaches Bmax, the system is allowed to
increase the bit rate (2a). Similarly, when the playback drains the cached data, the selected quality
is reduced if the buffer shrinks below the threshold Bmin (2b). When the buffer level is between the
thresholds Bmin and Bmax, the player uses throughput estimation r̂i to select the quality level. If
the estimated throughput r̂i is smaller than the current video bit rate qi, the algorithm decreases
the video quality (2c). If the estimated throughput is not sufficiently high, the bit rate remains
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Fig. 2: An example operation of a simplified version of the MSS algorithm. At times t1 and t2,
network throughput is high enough to increase the video bit rate (2e). At t3 the buffer level, which
is above the threshold, allows increasing the video bit rate again (2a). At times t4 and t5, network
throughput drops what causes the video bit rate to decrease (2c). At time t6, the buffer level drops
below the threshold, and the video bit rate is reduced again (2b). After t6, network throughput is
not high enough to increase the video-bit rate (2d).

unchanged (2d). If the estimated bit rate surpasses the throughput at least by d bits/s, the video
quality is increased (2e). The parameter d marks a region of network throughput for which there is
no need to switch video quality to a higher level. As a result, the parameter plays a stabilising role
and prevents switching the quality levels too frequently, which could harm the overall video quality
perceived by users. The constants Qmin and Qmax define a range of available quality levels. Fig. 2
illustrates the above-described idea, which we implemented in the open-source software described
in [24]. Following [25], we set the player’s buffer size Bfull to 35 s, and the thresholds Bmin and
Bmax to 40% and 80% of the buffer size.

The second algorithm is a part of the ExoPlayer library. Its input parameters are a buffer size
and throughput estimation. When deciding about the quality of the next segment, the algorithm
calculates the best representation that fits in the currently available bandwidth according to the
formula:

qi+1 =











max(Q) qi+1 ≤ λr̂i (3a)

qi r̂i > ri−1 ∧ bi < Bmin (3b)

qi r̂i < ri−1 ∧ bi > Bmax (3c)

The algorithm scans the available qualitiesQ and selects the representation with the highest average
bit rate lower than or equal to the estimated throughput r modified by a factor λ, as presented in
(3a). The algorithm will switch to the best achievable video bit rate if it differs from the current
bit rate, excluding two scenarios: network throughput increases but the buffer level remains low
(3b) or network throughput decreases but the buffer level remains high (3c). For ExoPlayer, the
default values for Bmin and Bmax are 10 s and 25 s.

The third approach, which we will refer to as Tian2016, tries to avoid video rate fluctuations
triggered by short-term TCP throughput variations and estimation errors. Furthermore, it increases
video rate smoothly when the available network bandwidth is consistently higher than the current
video bit rate and decreases video bit rate more aggressively when network throughput drops. The
solution is based on the proportional-integral-derivative (PID) controller – a control loop with a
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feedback mechanism. The mechanism adjusts a control output based on the difference between a
set point and a measured process variable. The value of the controller output is transferred to the
system input. The authors claim that the proposed approach is highly responsive to congestion
level shifts and can maintain a stable video rate during short-term bandwidth variations occurring
in mobile networks. We took the parameters for the algorithm from [23] from sections V and VI-D.

Different systems use different video segment lengths L which usually range from 2 s to 10 s;
for example, the MSS algorithm uses 2-5 seconds [25]. In our work, we set the duration of the video
segment to 4 s.

The presented adaptive strategies are examples of many potential strategies and we use them
solely for an evaluation purpose. In-depth reviews of DASH algorithms can be found in [26][27].

3.3 Quality measures

The main goal of DASH systems is to improve the QoE, which depends on the bit rate of video
chunks. The choice of the bit rate involves a few potentially conflicting issues. Firstly, a user expects
that a video player will provide the highest possible bit rate available for the given constraint
of network throughput. Secondly, the player should keep the playback as smooth as possible by
avoiding frequent bit rate switches. Thirdly, the video player should avoid its buffer starvation to
minimize the time which the video freezes on a user’s screen. Having identified the three main
components of QoE, namely bit rate, bit rated variation and rebuffering time, we combine them
into a single measure, where the QoE is calculated as a weighted sum of the parameters of each
video segment in the range from 1 to N :

QoE =
N
∑

i=1

qi − λ

N−1
∑

i=1

|qi+1 − qi| − µ

N
∑

i=1

(K(bi)),

where λ and µ are positive weights corresponding to video quality variations and rebuffering
time. To count the buffer’s starvation periods, we introduce the penalty function K(bi) = 1, bi = 0
and K(bi) = 0, bi > 0.

Video stalls disturb users more than bit rate switches do; thus, the value of µ is usually much
higher than λ. A small λ indicates that bit rate switches are less nuisance for a user, while a large
µ implies that the user is more concerned about rebuffering.

To obtain time- and video-independent measures with possibilities of comparison with different
algorithms, we adapt from [28] a normalised QoE model

nQoE =
QoE

QoE ref
, (4)

where QoE ref is the QoE of another benchmark algorithm.

4 Prediction of network throughput

4.1 The prediction problem

In our approach to network traffic prediction, we have measurements of the previous throughput
{rt, rt−1, . . . , rt−n}, and we wish to predict the value of rt+m, m > 0. For this purpose, we apply
the predictor r̂t+m which employs the observations of the past throughput measurements

r̂t+m = φ(rt, rt−1, . . . , rt−n). (5)

The problem is to choose φ which minimizes the difference between r̂t+m and rt+m.
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Fig. 3: Structure of LSTM Memory Block: xt is the vector of input signals at the time t, Ct−1 and
Ct represent cell states at the previous t− 1 and actual t times, ht−1 and ht are output signals of
the cell at t− 1 and t times, b represents the bias. The symbol × represents the multiplication and
+ summation of signals.

Typically, a DASH algorithm predicts network throughput for the nearest future ri+1 using an
average of past throughput measurements [17]

r̂t+1 =
1

n

n
∑

k=1

rt+1−k. (6)

According to [27], DASH players apply the estimator (6) or its variation based on weighted,
exponential or harmonic moving average. In our work, we improve the estimation by replacing the
simple computation (6) with an LSTM ANN.

To measure the accuracy of the prediction algorithm, we chose the Normalised Root Mean
Square Error (NRMSE)

NRMSE =
1

r

√

∑N
t=1(rt − r̂t)2

N
, (7)

The NRMSE represents the squared difference between predictions r̂t and observed values
rt divided by the number of observations N . An average of observed values r normalises the
calculation result. The lower is the NRMSE value, the better the model describes empirical data.
The normalisation allows us to compare predictions among traces with different throughput levels.

4.2 Long short-term memory networks

An LTSM is a recurrent ANN which can learn long-range dependences in data. LSTM ANNs
respond to the short-term memory problem of recurrent ANNs. Namely, a recurrent ANN has diffi-
culties retaining data from earlier computations because it misses information about long-memory
dependences. An LSTM ANN handles this problem by allowing its memory cells to select when to
forget certain information, thus achieving the optimal time lags for time series problems. For this
purpose, a network uses a memory block which contains cells with self-connections, memorizing the
temporary state and three adaptive, multiplicative gates: the input, the output and the forget to
control information flow in the block – see Fig. 3. The gates can learn to open and close, enabling
LSTM memory cells to store data over long periods, which is desirable in time series prediction
with long temporal dependency. Multiple memory blocks form a hidden layer. An LSTM ANN
consists of an input layer, at least one hidden layer and an output layer.
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A cell operates in two succeeding time points: the actual t and the previous t−1 representing the
state of the cell at the previous point of time. A cell operation, denoted by CL, is a mathematical
function that takes three inputs and generates two outputs:

(ht, ct) = CL(ht−1, ct−1, xt),

where xt is the value of the time series at the time t, ct−1 is a memory signal of the cell from
the previous time t − 1, and ht−1 is an output signal of the cell at the preceding time t − 1. At
the same time, the cell generates two output signals: Ct – memory cell state at the time t and ht

– output signal of the cell at the time t. The hidden layer cells pass the signal to the output layer.

At every time step, the element xt of a time sequence enters the cell. Both output signals ht

and ct leave the cell at time t and return to that same cell at a time t + 1. The cell can multiply
or add signals, what is denoted by the symbols × and +. Cell’s gates also use two functions: sigm
and tanh. The first represents the sigmoid function which outputs numbers between zero and one
(sigm : R → [0, 1]), describing how much of each signal to let through. The value of zero transfers
nothing, while a value of one transfers everything. The second function represents the hyperbolic
tangent tanh : R → [−1, 1]) and denotes which fraction of the candidate value c̃t updates the cell’s
state ct−1.

An entering signal simultaneously reaches all three cell’s gates. The forget gate decides which
part of the memory from the previous state transfers to the current state. The gate multiplies the
signal and projects it into a unit interval using a sigmoid function

ft = sigm(Wf [ht−1, xt] + bf ).

The remaining two gates determine which new information to store in the cell. Firstly, the input

gate decides which values to update, transforming them into a unit interval. Next, the tanh layer
creates a new candidate value c̃t and adds it later to the cell state.

it =sigm(Wi[ht−1, xt] + bi),

c̃t =tanh(WC [ht−1, xt] + bC).

Finally, the new state ct replaces the old one ct−1: the old state ct−1 multiplies the forget gate

value ft, and the candidate result c̃t multiplies the input gate value it

ct = ft × ct−1 + it × c̃t. (8)

Equation (8) controls the amount of information ct which will form the state of the cell at the time
t.

In the cell’s right-side, a multiplicative operation generates the output signal

ht = ot × tanh(ct),

which is the product of the actual memory signal ct computed in (8) and the signal

ot = ρ(Wo[ht−1, xt] + bo),

generated in the output gate. The output signal ht describes how much information the cell transmits
to other cells at the next time point.
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Fig. 4: Architecture of the LSTM ANN used for network throughput prediction.

Table 1: Network capacity traces used in the experiments.

Trace Activity Length
[min]

Average
[MB/s]

Var.
range
[MB/s]

S4G Static 4G 254 5.2 2.6-9.6
M5G Mobile 4G 290 2.7 0.3-6.1
S5G Static 5G 260 8.3 2.7-25
M5G Mobile 5G 459 3.5 0.4-11

4.3 Traffic characteristics

The traffic traces were collected in Ireland by a large telecommunication operator. They include
static and mobility scenarios and total roughly 21 hours. We divided them into four sets: 5G, 4G,
static and mobile, as listed in Table 1. A more detailed description of the traffic generation, capture
methodology and properties of the traces can be found in [29] for 4G and in [30] for the 5G traffic.

Table 1 shows that the average rates of the 5G traces are about 50% higher than 4G traces for
the static scenario. Furthermore, the 5G traces achieve nearly three times higher variation rates,
reaching about 25 MB/s, compared to 4G traces which obtain 9.6 MB/s. In the mobile scenario,
the differences between 5G and 4G are lower – the average throughput of 5G traces is only 27%
higher than the 4G traces. The authors of [29] explain these differences by the lack of 5G base
stations across the driving routes where the traffic was captured. Despite this restriction, the upper
limit for the variation range is still almost two times higher for 5G than 4G.
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The average amount of traffic registered within a specified time is represented in our work as the
average throughput ri (1). As stated in section 3.1, the length of a video segment is L. Assuming
that the algorithm downloads video segments at the rate qi ≈ q̃i, the algorithm will measure the
network throughput roughly every L seconds. Hence,

∆T ≈ L = 4 s.

4.4 Traffic prediction with an LSTM ANN

For the time series prediction, an LSTM ANN uses a sliding window containing n most recent
observations, as defined in (5). From every set of the traces listed in Table 1, we extracted ten
overlapping sub-traces, each 30-minutes length. The models were trained on the first 10 minutes of
each sub-trace and tested on its remaining part. We concatenated the obtained predictions, what
allowed us to input their values into a video player and have uninterrupted playback.

Regarding the one-step prediction, we used a many-to-one architecture, which means that the
network observes mobile traffic for a fixed number of timeslots until t and then try to predict the
traffic at the next time slot t+1. In the prediction process, firstly, we normalise the consecutive traffic
flow data {rt, rt−1, . . . , rt−n}, i.e. remove trends and differentiate it obtaining {xt, xt−1, . . . , xt−n},
which is then delivered to the LSTM ANN. Our LSTM consists of an input, two hidden and output
layers, each characterized by the weight matrices and vectors. The outputs of the top LSTM layer
are fed to a conventional feed-forward ANN, which maps the intermediate LSTM outputs to a single
value. In the last step, we denormalise the output values from the feed-forward ANN obtaining the
prediction of network throughput x̂t+1 at t+1. This process and the structure of the LSTM ANN
used for predicting traffic flow is presented in Fig. 4.

An LSTM ANN minimizes the NRMSE defined in (7) through training which iteratively changes
the weights and biases of the network to decrease the differences between the model output and
observed values. For this purpose, we chose Backpropagation Through Time algorithm.

4.5 Model validation

The prediction is more accurate for traces generated by static terminals compared with the mobile
ones, see Fig. 5. Furthermore, the traffic from 4G systems obtained a lower NRMSE than the 5G
traces. These differences may result from the positive correlation between the prediction errors and
variance of the traces. The traces generated by mobile scenarios have higher variation than the
static ones, see Table 1. Additionally, the 5G traces, due to higher network bandwidth, achieved
higher peak values. The variation of the results is roughly on the same level, except for the 5G
mobile scenario where the NRMSE have a higher range. Compared to a simple moving average,
the LSTM predations achieved lower NRMSE. The difference is particularly notable for the mobile
and 5G scenarios.

In Fig. 6, we presented a fragment of the M5G trace to visualise the traffic characteristics and
the prediction accuracy. The trace has an irregular structure without clearly identifiable patterns.
The traffic frequently and abruptly changes its volume, producing oscillations between 2.5 and 5
MB/s. The prediction generally follows the traffic pattern relatively well; however, sometimes, it
overestimates the scope of the oscillations, especially in the fragments where the traffic fluctuations
have a higher frequency.

The prediction errors for the exemplary M5G trace have a normal distribution with a zero mean,
as shown in Fig. 7a. The errors are between -1.0 MB/s and 1.0 MB/s, and most do not exceed 0.5
MB/s. Compared with the case of the simple moving average shown in Fig. 7b, its histogram is
broader, and, consequently, the errors have higher values than for the LSTM prediction.
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Fig. 5: NRMSE of the analysed prediction models for different traces. Every box on the plot
represents predictions made on ten overlapping sub-traces, each 30-minutes length, which were
extracted from traces listed in Table 1.
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Fig. 6: One-step prediction for the M5G trace. The prediction tends to overestimate the traffic
oscillations, but the LSTM ANN achieves better results than a naive predictor based on a simple
moving average.
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Fig. 7: Distribution of prediction errors generated by a a) LSTM and b) simple moving average for
the one-step prediction for M5G trace. The narrower prediction error interval for the LSTM ANN
indicate fewer errors and better prediction accuracy.

Local web server
Emulator of a network
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Fig. 8: Experiment set-up includes a web server, netem module and a dash.js video player. The
connection between the emulated network and the server has fixed parameters. The netem shapes
the traffic between the emulated network and the DASH player providing variable transmission
time of video segments.

4.6 Playback algorithms supported by prediction

To assess the influence of the prediction on the quality of the video, we prepared a local media
streaming system consisting of three Linux machines, as illustrated in Fig. 8. The first machine ran
a web server, the second one ran a traffic control facility netem, and the last one ran a dash.js player
[24] in a Google Chrome browser. The captured traffic trace, which we examined in section 4.3,
was used as a template for the capacity shaper implemented in the netem module. In addition to
the capacity throttling, the netem module also adds a uniformly distributed delay from the interval
[5 ms, 145 ms] and uniformly distributed packet loss from the interval [0.05%, 0.15%] to emulate
the instability of the connections. We placed six video files acquired from [31] at the web server
and encoded them with 18 bit rates ranging from 0.1 to 20 MB/s. The server streamed the video
to the dash.js media player. The player had an open-source code; hence it was possible to integrate
a variety of adaptation logic, making it attractive for performance comparison of different DASH
algorithms and their parameters.
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Fig. 9: The architecture of dash.js reference player. The modified estimation module acquires infor-
mation about network throughput from the LSTM ANN. The MSS, ExoPlayer and Tian algorithms
replaced the player’s default playback logic.

The predicted throughput may integrate into the adaptation logic in two different ways. Firstly,
it is possible to incorporate a prediction algorithm directly into a DASH player and replace its
default throughput estimation algorithm. This approach requires translating the model into a native
DASH player’s code or wrapping the model into a package, which the player calls as an external
dependency. In summary, it requires deep integration into the player’s implementation, what is
challenging. In the second case, the prediction overwrites the measured throughput samples. The
player acquires the information about throughput not directly from a network but an output of the
prediction model. This solution is easier to implement as it requires only minimal amendment of
the player’s code; hence, we replaced the default throughput estimation with the predicted values,
see Fig. 9. As we mentioned in section 3.2, we also overwrote the default playback algorithm
implemented in the plug-in using the simplified versions of MSS, ExoPlayer and Tian algorithms.

Fig. 10 shows a fragment of the performance of the MSS algorithm in its original version and the
modified version with support of the prediction. Both versions operate on the M5G trace from the
set presented in Table 1. Compared with the original version, the prediction supported algorithm
switches its bit rates less often and more quickly recovers from bandwidth drops; nevertheless, its
average bit rate is similar. Consequently, the less frequent switching of bit rates in the prediction-
based version does not come at the cost of a lower bit rate.

Fig 11 compares nQoE (4) between the LSTM prediction and simple moving average. The nQoE
is higher from about 5% to over 20%, depending on a DASH player and streaming scenario. In the
case of MSS and ExoPlayer, the average improvement is mostly between 10% and 15%. For static
traces generated by the 4G system, this value is closer to 10%; for mobile scenarios, the improvement
is about 17%. The mobile use case obtain on average better results, but the higher nQoE variation
indicates that the refinement is not uniform but depends on network conditions. Throughput in
mobile scenarios, especially involving 5G network, have higher variability (see Table 1); therefore,
some parts of the traces may be harder to predict. The poorer performance of the default prediction
based on moving average can also contribute to better relative improvement. For Tian, the resulting
pattern is similar, but the gain is a few percent lower than in the other two algorithms. Probably
the more complex algorithm based on a PID controller and less reliance on direct throughput
estimation reduces the benefits from the prediction.



Enhancing Quality of DASH Video with LSTM Throughput Prediction 15

2.5

3.0

3.5

4.0

4.5

Th
ro

ug
hp

ut
 [M

B/
s]

Network bandwidth

0 10 20 30 40 50 60 70 80
Time [minutes]

2.5

3.0

3.5

4.0

4.5

Th
ro

ug
hp

ut
 [M

B/
s]

Video throughput without prediction
Video throughput with prediction

Fig. 10: Performance of MSS algorithm without and with support of traffic prediction. Throughput
prediction eliminates some of the video bit rate drops observed at the beginning, end and about
20th minute of the trace. However, as the prediction sometimes overestimates the throughput, the
bit rated unnecessary switches to a higher level at about 20-the minute of the trace.

4.7 Discussion of the results

Our analysis shows that an LSTM ANN obtains better prediction accuracy compared with a naive
predictor based on a moving average. The prediction achieved the best results for traffic registered
by fixed terminals. The traffic acquired from mobile equipment, especially that operating in a 5G
network, had a more irregular structure and was harder to predict for both the LSTM ANN and
a moving average. However, for mobile traces, the accuracy of the prediction made by the moving
average deteriorates even faster than the accuracy of an LTSM ANN. Although we used an NRMSE
(7), comparison with other research is not easy, as their NRMSE values differ significantly across
different works. For instance, in [9], the NRMSE ranges between about 0.1 and 5.5 depending
on an LSTM ANN and a data set used for the prediction, whereas in [12], the NRMSE is below
0.1 for all experiments. It is also unclear how the authors normalised their errors as they did not
specify explicit mathematical formulas in their works. In other mentioned works in section 2, e.g.
[6][7][8][10], the authors provided non-normalised and non-comparative mean square error measures
of prediction errors. Sometimes this measure is normalised like in [32] (normalised mean absolute
error) or [13] (relative MSE) but is non-comparative with NRMSE without additional data.

Exemplary DASH algorithms supported by throughput prediction achieved better performance
than their versions with default throughput estimators. Most gained the MSS and ExoPlayer play-
back strategies, while the results for Tian were lower. An explanation is the degree of complexity
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Fig. 11: The relative improvement of the nQoE metric across different HAS algorithms and network
traces with respect to the no-prediction: a) MSS, b) ExoPlayer, and c) Tian. The nQoE metrics
are normalised to the no-prediction case set to 0% improvement. The scenarios with traces from
the mobile environment obtain, on average, better results, but their variation is also higher.

of the examined approaches. The first two algorithms rely heavily on rate estimation and use for
this purpose moving averages, while the buffer measurements play a supportive role. In the case of
Tian, the algorithm uses primarily the buffered video time as a feedback signal, while the expected
throughput is estimated using support vector regression. This shift of focus results in a lower impact
of prediction on the algorithm performance.

To our best knowledge, there is only a single work with which we can directly compare the
results because every research uses its own set of measures. In our work, the quality improvement
is between 5% and 25%, while for the perfect throughput prediction Raca et al [33] reached 55%
using similar nQoE (4) measure. The authors built a perfect estimator by looking explicitly into the
future values of time series and applied it to three algorithms: ExoPlayer, Elastic [34] and Arbiter+
[35]. Similarly to our case, the simpler algorithm ExoPlayer profited the most from the prediction.
The prediction gave a less impressive nQoE increase for the two other, more complex algorithms.

5 Conclusions

In this work, we improved the performance of adaptive streaming algorithms employing an LSTM
ANN which predicted network throughput. As a result, end-users experience higher video quality
without longer buffering times or a higher number of bit rate switches. The quality improvement
is especially significant in 5G networks; however, the more advanced the playback algorithm is,
the less it gains from throughput prediction. The best results achieved relatively simple strategies
based on throughput and buffer measurement. The improvement is not uniform across the usage
scenario and depends on network conditions. The prediction gain was smaller for a more complex
playback algorithm supported by the proportional-integral-derivative controller.

Our approach does not require modifications of the network infrastructure or the TCP stack. It
can be integrated with the existing playback algorithms and video players because the throughput
estimation is separated from other modules of a video player. The proposed technique can be used
by developers of the video players, which are free to employ their adaptation strategies to enhance
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video playback. The prediction model relies only on past throughput measurement and works
without additional network information, which can be hard to acquire. Therefore, the prediction
accuracy and the quality improvement are less impressive than in some cited works, which support
their prediction with additional data.

We identified several potential paths for further investigation. Firstly, the traffic models can be
improved as some authors report that the best results are usually obtained by hybrid techniques.
It will be interesting to investigate how to leverage the additional information to increase the
prediction accuracy as more elaborate approaches may better adjust to network data and provide
better input for adaptive algorithms. Secondly, there is room to extend our prediction beyond the
current single video chunk horizon. Thirdly, one can investigate the optimal length of the training,
test sets and a time horizon that provides the best prediction. Finally, we would like to move from
the offline analysis to an online prediction made by a mobile device, which measures the throughput
in real-time and provides information about battery, memory and processor usage.
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