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ABSTRACT

With the increasing demand for OTT platforms such as Netflix and the growth of the video streaming
market, enhancing the performance of Adaptive Bitrate (ABR) algorithms, a key component of streaming
services, and improving the Quality of Experience (QoE) for users have become more critical. The network
bandwidth prediction algorithms in conventional Model Predictive Control (MPC) and Robust MPC-based ABR
algorithms rely on statistical estimation methods, which can lead to performance degradation due to prediction
errors, especially in scenarios with highly fluctuating bandwidth. In this study, we propose improvements by
employing LSTM (Long Short-Term Memory) and Transformer-based time series prediction models for network
bandwidth forecasting and applying them to the MPC algorithm. By quantitatively comparing the ABR
performance measured through QoE metrics using an ABR algorithm simulation framework, we observed that
both LSTM and Transformer models achieved superior performance, improving the conventional MPC-based
ABR algorithm by 8.71% and 8.91%, respectively.
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Algorithm 1 Video adaptation workflow using MPC

1: Initialize

2: for k =1to K do

if player is in startup phase then
C[thtkwh‘\’]: ThroughputPred(Cyy, ¢,)

[Ri, Ts] = fotoe (Ri—1, Br, Clty sty n]
Start playback after T’s seconds
else if playback has started then

Clty tis )= ThroughputPred(Cls, 1,1)

Rk = fmpc (Rk—h Bk-, C[tk,tk+1\v]>
end if
Download chunk % with bitrate Ry, wait till fin-
ished
12: end for
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Algorithm. 1. Video adaptation workflow using MPC
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Table 2. Bandwidth dataset before preprocessing (first 5 rows, Key network metrics)

Timestamp Speed RSRP RSRQ SNR CQI RSSI Dg‘i‘t’r“:;’k gil;l;
2018.01.17_10.01.04 0 96 12 9 79 62238 1027
2018.01.17_10.01.05 0 9 12 11 75 49869 846
2018.01.17_10.01.06 0 9 12 9 9 80 49567 867
2018.01.17_10.01.08 0 93 9 10 10 76 57642 989
2018.01.17_10.01.09 0 93 9 10 10 76 57295 1016
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Table 3. Bandwidth dataset before preprocessing (first 5
rows, Key network metrics)

Timestamp Downlink Bitrate
0 63.338
1 49.869
2 49.567
3 57.642
4 57.295
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Table 4. Bandwidth collected through simulation using
the trace in Table 3 (chunk number, timestamp, chunk size,

download time, bandwidth)

=

Chunk Time Chunk | Download
index Stamp Size Time Bandwidth
(sec) (byte) (sec)
1 0.2793 | 1180512 0.2793 4.225
2 1.188 4908 0.909 5.399
3 2.240 5718960 1.051 5.438
4 4767 | 17426160 2.527 6.895
5 6.459 | 12744936 1.692 7.530

E 5. s dlojeAl AR SA
Table 5. Detailded Metrics of Training Dataset

LTE 5G
Scenario
Car Pedestrian Static Car
Average 1.86 1.41 0.68 5.05
Maximum 16.22 8.01 5.09 46.56
Minimum 0.01 0.01 0.03 0.01
Standard - g, 131 102 | 782
Deviation
Total
Number of | 18,612 7,524 3,762 8,514
Data
8
56
g
E4
g
2]
0
Chunk Number

38 3. Eu Aueles) LTE d9% ¥x
Fig. 3. LTE bandwidth distribution of pedestrian scenario
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Fig. 4. LTE bandwidth distribution of static scenario
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Fig. 5. 5G bandwidth distribution of car scenario
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Pytorch 2.4.1 Z#| ¢ =2} Python 3.8 % 131912
v}, 4 AA= Windows 105 AH-3113, CPUE
i7-13700K 3.40GHz< AM-3}ict Al Z=lEol A}
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¥ 6. A3 W4
ble 6. Experiment Environment

E 7. LSTM 7|4t md o}7|dlA]
Table 7. LSTM based Model Architecture

Ta
System Configuration
Specifications Details
CPU i7-13700K 3.40GHz
RAM 64GB
GPU RTX 4060 Ti 39.9GB
OS Windows 10
IDE/ PyCharm /
Language Python 3.8
Libr Tensorflow 2.13.0 Keras 2.13.1
any Pytorch 2.4.1
Input: | [(None, 5, 1)]
Input layer
Output: | [(None, 5, 1)]
]
LSTM_ 1 Input: | [(None, 5, 1)]
Output: [[(None, 5, 32)]
]
Input: None, 5, 32
LSTM_2 P K )
Output: [[(None, 5, 32)]
]
Input: None, 5, 32
LSTM_3 P I )
Output: [[(None, 5, 32)]
i
LSTM. 4 Input:  [[(None, 5, 32)]
Output: | [(None, 32)]
i
Input: None, 32
Dense P K )
Output: [(None, 1)]

a2 6. LSTM 2® l&y 732
Fig. 6. LSTM model input-output architecture
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Input Size 1
Hidden Size 32
Layer 4
Output Size 1
Input layer Input: | [(None, 5, 1)]

Output: | [(None, 5, 1)]
i

Input: | [(None, 5, 1)]

Dense_1

Output: |[(None, 5, 32)]
Positional_ | Input: _|[(None, 5, 32)]
Encoding | Output: |[(None, 5, 32)]

i

Encoder Input: | [(None, 5, 32)]
layer_1 Output: |[(None, 5, 32)]

]

Encoder Input:  [[(None, 5, 32)]
layer 2 | Output: |[(None, 5, 32)]

i
Input: None, 5, 32
Select_last_timestep Oni)u " [([(sne 32)])]
utput: one,
i

Input: [(None, 32)]
Output: | [(None, 1)]

Dense_2

2! 7. Transformer Encoder 2 §1&3 +x
Fig. 7. Transformer Encoder model input-output architecture
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Table 8. Transformer Model Architecture

Embedding Dimesion 32
Number of Heads
Layers 2
Feedforward Dimension 64
Dropout Rate 0.1
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Table 9. Hyperparameter for model

Learning Rate 0.01
Batch Size 12
Sequence Length 5
Epoch 100
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Fig. 8. LTE bandwidth prediction of LSTM model in car
scenario
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Fig. 9. LTE bandwidth prediction of LSTM model in pedestrian
scenario

=3
o

—— Actual
— Predicted

Scaled Bandwidth
= =

=
=)

éﬂunk Numb:); - o
T2 10. A ALl LSTM ®de] LTE thed o3

Fig. 10. LTE bandwidth prediction of LSTM model in static
scenario

624

1.04
— Actual

=08, — Predicted
b}
'!% 0.6
=)
3
4] i
=04 | L
2 |
5
£ 0.2 [ |

0.0

0 1000 2000 3000 4000 5000

Chunk Number

2l 11, 2Pzt ARl 2ol Transformer 12| LTE t9%
o=

Fig. 11. LTE bandwidth prediction of Transformer model
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Table 10. Prediction accuracy by scenario and prediction
model

LSTM Transformer
Scenario
MAE RMSE MAE RMSE
Car 0.04 0.07 0.04 0.06
Pedestrian 0.02 0.03 0.05 0.07
Static 0.022 0.029 0.01 0.02
5G 0.05 0.08 0.03 0.08
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Table 11. Parameters for QoE Calculation
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Fig. 16. QoE comparison in car LTE scenario
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B 12, A5 AdRlL - Al A SAT
Table 12. Car Scenario - Detailed Performance Metrics

QoE MPC MPC+ MPC+
element (LSTM) (Transformer)
Average |, 10508 Kbps|2498.87 Kbps|2391.36 Kbps
Bitrate
Average
Bitrate 258.19 Kbps | 284.94 Kbps | 282.69 Kbps
Change

Rebl?fferlng 19.26 sec 11.84 sec 14.40 sec
time

13, BH AV - AN A SAR
Table 13. Pedestrian Scenario - Detailed Performance

Metrics
MPC+ MPC+
QoE clement)  MPC (LSTM) | (Transformer)
Average 2360.21 2334.95 2339.04
Bitrate Kbps Kbps Kbps
Average
Bitrate 273.81 Kbps | 257.77 Kbps | 287.56 Kbps
Change
Rebl.lffenng 7.31 sec 3.17 sec 4.52 sec
time

F 14, A AL - Al

he} =
w3 A

Table 14. Static Scenario - Detailed Performance Metrics

MPC+ MPC+
E el MP

QoE clement ¢ (LSTM) | (Transformer)
Average |12 57 Kbps| 1472.23 Kbps| 144523 Kbps
Bitrate
Average
Bitrate | 142.69 Kbps | 114.52 Kbps | 140.78 Kbps
Change

Rebl.lfferlng 21.77 sec 20.59 sec 14.11 sec

time

E 15. 5G AVElL - AT A A
Table 15. 5G Scenario - Detailed Performance Metrics

MPC+ MPC+
QoE element)  MPC (LSTM) | (Transformer)
AVerage |08 26 Kbps|2245.46 Kbps|2226.59 Kbps
Bitrate
Average
Bitrate | 192.45 Kbps | 269.66 Kbps | 234.49 Kbps
Change
Rebl?ffenng 32.20 sec 15.54 sec 41.35 sec
time
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