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1 | Introduction

In modern robotics and telecommunications, the reliability of wireless links is paramount. A
failure in communication can lead to mission failure, or worse, the loss of valuable assets. This
challenge was starkly illustrated during the 2024 European Rover Challenge (ERC), where
the AAU Space Robotics team encountered severe communication issues. Operating in the
crowded 2.4 GHz unlicensed spectrum, the team's rover and drone were subjected to a wireless
environment saturated by the transmissions of numerous other teams. The result was not a
complete connection loss, but a highly unpredictable and variable latency, with spikes that
e�ectively mimicked a total drop in connection. These disruptions to critical control and video
feeds ultimately crippled the aerial mission, forcing the team to tether their drone via an Ethernet
cable, as depicted in Figure 1.1a, fundamentally compromising its primary advantage of mobility.

(a) (b)

Figure 1.1: (a) The AAU Space Robotics drone tethered via Ethernet at the European Rover
Challenge due to severe Wi-Fi interference. (b) A Ukrainian FPV drone adapted with a �ber-
optic cable to counter electronic warfare in a contested environment, photo by [1]� � .

This experience at the ERC is a microcosm of a broader and increasingly critical problem
inherent to unlicensed spectrum. Protocols such as Wi-Fi, which rely on Carrier-Sense Multiple
Access (CSMA), are fundamentally cooperative and perform poorly under heavy contention. As
the number of devices increases, the medium becomes a chaotic environment where predicting
communication latency becomes infeasible [2].

The implications of this lack of reliability extend far beyond academic competitions and into the
realm of mission-critical operations. In modern con�ict scenarios, reliance on traditional licensed
spectrums presents a signi�cant vulnerability, as an adversary unconstrained by international
law can easily target these frequencies with jamming or spoo�ng attacks. The operational
consequence is a degraded or denied communication link, forcing military operators into drastic,
suboptimal solutions. In Ukraine, for instance, drone pilots have resorted to tethering their
aircraft with �ber-optic cables to bypass pervasive jamming, as seen in Figure 1.1b [3]. This
reversion to a physical link, much like the Ethernet tether at the ERC, ensures control but
fundamentally compromises the aircraft's mobility. This reality underlines the necessity for
systems that can intelligently leverage alternative, less-contested bands. However, these bands
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CHAPTER 1. INTRODUCTION

require a new paradigm of adaptable communication to overcome the inherent unpredictability
demonstrated so clearly in the congested ERC environment.

For a remote actor, whether a human operator or an autonomous agent controlling a vehicle,
the average latency of a communication link is often a poor indicator of its true performance. A
link that is fast on average but su�ers from occasional, severe latency spikes is unsuitable for
time-sensitive applications like control signals [4]. The crucial piece of information is not the
expected latency, but a reliable upper bound on the latency. This thesis addresses this challenge
directly by asking:

How can we provide a robust, statistically sound measure of uncertainty for latency
predictions to enable an intelligent and reliable interface selection to improve latency
performance?

To answer this question, this thesis moves beyond traditional point predictions in machine learn-
ing. We propose a novel approach using Uncertainty-Aware Conformalized Quantile Regression.
Instead of predicting a single latency value, our model predicts an interval for a high quantile of
the latency, speci�cally the 95th latency quantile (Q95). This method, grounded in the rigorous
framework of conformal prediction, provides a statistically valid guarantee that the true latency
quantile will fall within the predicted interval with a prede�ned con�dence level. This empowers
a controlling actor with a quanti�able measure of risk, allowing it to make informed decisions
about which combination of communication interfaces, in our case, WiFi and BLE, o�ers the
highest probability of meeting the mission's real-time requirements at any given moment. This
work, focuses on developing and validating this method to add a critical layer of certainty to
latency-aware interface selection, transforming unpredictable unlicensed wireless channels into
more dependable communication links.
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2 | Basic of Wireless Latency, MAC
Protocols and Interface Diversity

The Industrial, Scienti�c, and Medical (ISM) bands has, due to their unlicensed nature, been
widely adopted for communication technologies like Wi-Fi, BLE, and LoRa. This lack of a
licensing cost makes the spectrum ideal for private consumer networks and low-cost IoT devices.
However, the open nature of the ISM bands leads to a crowded and unpredictable environment,
similarly to the case experienced by the AAU Space robotics team at the ERC competition which
motivated this work. This unpredictable environment is the foundational problem this thesis
addresses by developing a method to predict the 95th latency quantile while also providing a
measure of the prediction's certainty. To understand the foundation of this problem, we �rst
examine what factors contributes to the overall communication latency. This is followed by
a detailed description about the medium access protocols for the two key technologies in this
work, Wi-Fi and BLE. Finally, it will discuss high-level strategies for using multiple interfaces
to achieve robust communication.

2.1 Deconstructing Communication Latency

The total time it takes for a data packet to travel from a source to a destination, known as end-to-
end latency (E2E), is not a single, monolithic value. Instead, it's a composite of several distinct
delays encountered along the transmission path. The total end-to-end latency is comprised of
the following delays:

� Propagation delay (L prop ).

� Transmission delay (L trans ).

� Processing delay (L proc).

� Queuing delay (L queue).

� Medium Access delay (L ma).

The total end-to-end latency is then given as the sum of the individual delay components as in
Equation (2.1):

L total = L prop + L trans + L proc + L queue + L ma; (2.1)

Understanding these individual components is crucial for analyzing and predicting network per-
formance, particularly in wireless environments where variability can be signi�cant. Throughout
the individual delay components will be shortly introduced.

2.1.1 Propagation Delay

The propagation delay is the time required for the �rst bit of a signal to travel from the sender
to the receiver. It depends on the physical distance between the two points and the propagation
speed of the signal through the transmission medium [5]. For a given communication path and
medium, the propagation delay is generally �xed.
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2.1.2 Transmission Delay

The transmission delay is the time taken to push all of a packet's bits over communication link.
The transmission delay is determined by the size of the packet, the transmission rate of the
interface and the packet error probability. The transmission rate can change based on the quality
of the channel, hereby making the transmission delay a variable delay [5].

2.1.3 Processing Delay

The processing delay arises wheen processing a packet. This includes tasks like examining the
packet header and checking for bit errors. Processing delay is typically small on modern hardware
but can vary slightly depending on the device's load and the complexity of the operations. It is
often modeled as a �xed negligible value [6].

2.1.4 Queuing Delay

Packets often have to wait in queues at network devices if the device is busy handling other
packets. This delay is highly dependent on the level of congestion in the network. If a link is
heavily utilized or many packets arrive simultaneously, queuing delays can become substantial
and are highly variable.

2.1.5 Medium Access Delay

In shared channels, such as the wireless ISM bands, there are protocols to prevent or manage
collisions. The time a station spends waiting for an opportunity to transmit is the medium access
delay. The delay is heavily in�uenced by the speci�c medium access control (MAC) protocol in
use. In licensed spectrum the MAC can be centrally coordinated to ensure a stable latency, using
di�erent scheduling methods. However, in unlicensed spectrum, the medium access control is
performed uncoordinated requiring the use of MAC protocols such as CSMA/CA, FHSS or duty
cycling, resulting in a variable latency delay. Medium access delay is a signi�cant contributor to
overall latency in wireless systems, it is inherently random unlicensed spectrum, depending on
the number of contending devices, and the level of interference.

In the following section we dive deeper into the medium access protocols that signi�cantly
in�uence the medium access delay, particularly for WiFi and BLE technologies.

2.2 Wireless Medium Access Protocol

To enable multiple networks to operate simultaneously in the same unlicensed spectrum, a
framework of regulations and technical standards must be followed. In Europe, short-range
devices are allowed to communicate in the ISM bands. Short-range devices are de�ned by the
regulations ECC Recommendation 70-03, as devices with a low risk of interfering with other radio
services [7]. This regulatory requirement sets the stage for technical standards organizations, like
IEEE, to develop the speci�c protocols that ensure complaint behavior. The IEEE 802.11 (Wi-Fi)
and 802.15 (BLE) standards are prime examples of such standardization, providing engineers
with solutions that allow the spectrum to be shared by multiple uncoordinated networks. This
section will investigate the two primary medium access strategies central to this thesis:

� Carrier-Sense Multiple Access with Collision Avoidance (CSMA/CA) used by Wi-Fi.

� Frequency-Hopping Spread Spectrum (FHSS) used by BLE.
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Finally, we will brie�y examine duty cycling as another common method for ensuring fair spectrum
access.

2.2.1 WiFi (IEEE 802.11) and CSMA/CA

WiFi, standardized under IEEE 802.11, is the predominant technology for Wireless Local Area
Networks (WLANs) [8]. It enables devices to connect to a network or peer-to-peer wirelessly,
mostly operating in the unlicensed and uncoordinated 2.4 GHz, 5 GHz, ISM bands. The core
principle of WiFi's medium access control is a "listen before talk" mechanism, called Carrier
Sense Multiple Access with Collision Avoidance (CSMA/CA). CSMA/CA is paramount for
WiFi's ability to operate in the uncoordinated unlicensed spectrum [9].

Carrier Sensing(CS)

Before attempting to transmit, a station listens to the wireless medium, to assess if the channel
is busy. The channel can be busy due to other system actively transmitting. This assessment
is referred to as Clear Channel Assessment (CCA). The CCA is based on an energy detection
threshold, IEEE 802.11 de�nes the threshold for the CCA as� 62dBm [10]. If the result of the
CCA is negative due to power levels above� 62dBm, the WiFi station ends up in contention.
The station will be in contention until the medium is sensed idle for a speci�c period called
the Distributed Inter-Frame Space (DIFS) [9]. However, to reduce the probability of multiple
stations transmitting simultaneously as the medium becomes idle a Collision Avoidance (CA)
mechanism is used.

Collision Avoidance (CA)

The cornerstone of CA mechanism is a random backo� procedure. An example of the procedure
is depicted in Figure 2.1. As the channel is assessed idle for a period of DIFS a backo� is time
drawn from a uniform distribution with a range de�ned by the Contention Window (CW),

B � U(min = 0 ; max = CW);

where B is the number of backo� slots, each with a duration of20µs [9]. The station decrements
the backo� timer as long as the channel remains idle. If the channel becomes busy while counting
down, the timer is paused, resuming once the channel becomes idle again for a DIFS period.
When the backo� timer reaches zero, The station transmits its packet.

Figure 2.1: Example of the backo� procedure in an environment with four stations.
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After successfully receiving a packet, the receiving station sends back an acknowledgement (ACK)
before a DIFS time have passed. This ensures, the channel is idle while transmitting the ACK,
essentially giving it the highest priority. In case the sending station does not receive an ACK
within a certain timeout period, it assumes the packet was lost and will attempt to retransmit.
If the packet is lost the CW size will be doubled, up to a maximum limit CWmax . This behavior
is known as binary exponential backo� and reduces the probability of subsequent collisions. The
exponential growth of the contention window is visualized by Figure 2.2.

Figure 2.2: Example of exponential evolution of contention window CW. Inspired by [10].

Hidden and Exposed Terrminal Problem

While fundamental to medium access, Carrier Sense (CS) is notably a�ected by the hidden and
exposed terminal problems. The hidden terminal problem, depicted in Figure 2.3a, materializes
when an interfering node Xia is hidden, out of range or obstructed, from a transmitting node
Yoshi. Consequently, Yoshi CCA incorrectly indicates an idle channel, prompting a transmission
which then collides at Zoya, who is within range of the interfering hidden terminal Xia.

The exposed terminal problem presents a di�erent challenge depicted in Figure 2.3b. A trans-
mitter Zoya correctly detects an ongoing transmission from another nearby terminal Xia and, as
a result, its CCA indicates a busy channel, causing Zoya to defer. This becomes problematic if
Xia's transmission poses no actual interference threat to Zoya's intended recipient Yoshi. In such
a scenario, Zoya is exposed to a transmission that needlessly prevents it from communicating
with Yoshi, thereby reducing overall network e�ciency.

To solve these problems, IEEE 802.11 allows the use of a virtual sensing mechanism Request-To-
Send/Clear-To-Send(RTS/CTS), to mitigate this problem. Before transmitting a data packet
when the medium is idle, the station transmits an RTS frame, with a duration �eld which signals
the time which the medium is occupied for the following data transmission. The receiving station
transmits an ACK in the form of a CTS frame.
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(a) (b)

Figure 2.3: (a) Hidden Terminal problem. (b) Exposed Terminal problem. Dashed lines indicate
interference from a terminal in another network.

2.2.2 Bluetooth Low Energy (BLE) and FHSS

To operate within the crowded 2.4 GHz ISM band, Bluetooth Low Energy (BLE) employs
a di�erent strategy from WiFi's "listen-before-talk" protocol. BLE is more aggressive and
agile using a "Try things fast, learn, and adapt" protocol for spectrum sharing. Speci�cally,
the cornerstone of BLE's interference mitigation strategy is called Frequency-Hopping Spread
Spectrum (FHSS). The FHSS ensures coexistence between BLE devices and other ISM band
devices by changing frequency channel at every connection event. The duration of a connection
event in BLE ranges from7:5ms to 4seconds[11]. The frequency hopping allows BLE devices
to essentially operate over 37 di�erent data channels lowering the chance of collisions.

As collisions will happen, BLE ensures reliability through an acknowledgment and retransmission
scheme at the link layer. When a device sends a data packet, it expects an ACK from the
receiving device. If a packet is corrupted or lost, indicated by a failed Cyclic Redundancy Check
(CRC) or a timeout, the sender will retransmit the packet, using a Automatic Repeat Request
(ARQ). Retransmissions are managed using sequence numbers (SN) and next expected sequence
numbers (NESN) in the packet headers to ensure orderly delivery and identify lost or duplicate
packets. These retransmissions, while vital for ensuring data eventually gets through, inherently
introduce latency variability. Each retransmission attempt adds to the total time taken for a
packet to be successfully delivered, making the latency pro�le of BLE connections dependent
on the current interference conditions and the number of retransmissions required. Figure 2.4
showcases di�erent scenarios, visualizing the impact of retransmissions on the latency.

Figure 2.4: Message Sequence Diagram of the ARQ. Scenario 1: No collisions, scenario 2: Two
collisions, Dashed lines are acknowledgments [12].
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To lower the amount of collisions, BLE uses a variant of FHSS called Adaptive Frequency Hopping
(AFH). Instead of using a �xed set of channels or hopping across all available channels blindly,
AFH allows a BLE connection to dynamically assess channel quality and restrict its operation to
"good" channels [11]. The link layer maintains an AFH Channel Map (CHMAP) which indicates
the set of used and unused channels. This map is updated based on feedback regarding channel
quality, allowing the system to avoid channels that are experiencing persistent interference, from
sources such as nearby WiFi networks. The targeted hopping signi�cantly reduce the probability
of collisions with interfering signals, thereby enhancing link reliability. BLE uses two Channel
Selection Algorithms (CSA) to implement AFH.

Channel Selection Algorithm 1

CSA 1 is a two step process. First step is calculating the Unmapped Channel Index (UCI) using
Equation (2.2),

UCI i =

(
(UCI i � 1 + � hi ) mod 37; if i > 0

� hi mod 37; if i = 0
(2.2)

where is the UCIi is the current UCI and UCI i � 1 is the last UCI and � hi is the hopIncrement.
The hopIncrement is a random variable in the range 5 to 16, set when the connection is established
[11].

In the second step, the UCI is mapped to a data channel (DC) from the set of used channels. If
the UCI maps to an unused channel, the algorithm in Equation (2.3) is used,

DCi =

(
(UCI i ; if UCI i 2 CHMAP [ ]

CHMAP [RMI ]; otherwise
(2.3)

where RMI is the remappingIndex, RMI = UCI i mod NUC and NUC is the number of used
channels.

Figure 2.5: Flowchart of CSA 1 [11].

Channel Selection Algorithm 2

CSA 2 is a more complex algorithm that in turns ensures a more random channel selection.
CSA 2 supports both channel events and subevents. However, this section will only cover how
channel events are handled. The bene�t of CSA 2 besides the support for subevents are its add
randomness, through the use of a pseudo-random number generator, as illustrated by Figure 2.6.
To make a channel selection using CSA 2 the following inputs are used:
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� a 6-bit number of channels classi�ed as used channels (NUC).

� A 16-bit �xed channel identi�er (CI).

� A 16-bit connection event counter (CEC).

Figure 2.6: Simpli�cation of the �owchart of CSA 2 [11].

The pseudo random generator function is depicted in Figure 2.7. It generates the random
numbers through three permutation (PERM) and Multiply, Add, and Modulo (MAM) blocks.
The PERM consist of separately bit-reversing the upper 8 input bits and lower 8 input bits. The
MAM block is computed as OUT = (17 � a + CI) mod 216.

Figure 2.7: Pseudo-random number generator

If UCI is in the CHMAP it is used as the DC, otherwise it is remapped by the RMI as described
by equation in Equation (2.4),

RMI =
�

NUC � prne

216

�
; (2.4)

where prne is the output of the random generator, in Figure 2.7 before the taking modulo37.

2.2.3 Duty cycle

Beyond contention-based mechanisms like CSMA/CA and frequency hopping strategies like
FHSS, duty cycling is another common method employed to manage spectrum access, particu-
larly in unlicensed bands [7]. Duty cycling refers to the practice of limiting the proportion of time
a device is actively transmitting relative to a de�ned observation period. The primary motivation
for implementing duty cycle restrictions are to provide fair access to the shared spectrum by
preventing any single device or network from monopolizing a channel, thereby mitigating interfer-
ence potential. For instance, speci�c short-range device sub-bands have stringent limits, such as
1% or 0.1% duty cycle [7]. By ensuring devices transmit only for short bursts and remain silent
for the rest of the time, duty cycling creates more opportunities for other co-located networks
and devices to access the medium.
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However, the imposition of duty cycles also has direct consequences on network performance.
The most direct impact is a cap on the maximum achievable data throughput. If a device can
only transmit for 1% of the time, its average data rate is inherently limited, regardless of the
raw transmission speed of its radio. If a device has data to send but has already exhausted its
duty cycle budget for the current observation window, it must wait until the next permissible
transmission slot. This enforced waiting period can introduce signi�cant and potentially variable
latency, which can be detrimental for time-sensitive applications.

2.2.4 E�ect on latency

It is clear that the di�erent methods of accessing the medium, a�ect the latency in di�erent ways
when the medium is congested. In WiFi the added latency in a congested network scenario, is
caused by the transmitter being in contention waiting for the channel to be idle. The time in
congestion depends on number of stations in the area, how often they transmit and the length
of their packets. For BLE the latency depends on the number of devices in the area and the
number of used channels in the channel map. The MAC access delay for BLE is caused by
retransmission of failed packets. As the maximum transmission unit in BLE is smaller than WiFi
larger data must be divided and transmitted over multiple packets. A side-e�ect of dividing the
data into smaller packets, is that each packet may experience collisions, cumulatively adding to
the MAC delay, whereas WiFi simply transmits one large packet, thereby only accumulating a
single MAC delay. As the MAC protocol have di�erent behaviors it may be bene�cial to combine
interfaces with di�erent protocols. Di�erent methods of combining interfaces will be discussed
in the following section.

2.3 Interface Diversity Module

There are multiple strategies which can be used in a multi interface communication system using
either one or multiple interfaces simultaneously. In this section three transmission strategies,
Cloning, k out of N and Weighted are presented [13].

2.3.1 Cloning

In cloning full copies of the data are transmitted over each of the N used interfaces. As only
one message is required to decode the data, cloning is the most robust transmission strategy. It
comes however with the cost of N fold redundancy, meaning it is the least energy e�cient. Under
the assumption of interface independence, the latency-reliability function of cloning is,

R(x; 
; B ) = 1 �
NY

j =1

(1 � Rj (x; 
 j � B )) ; (2.5)

where R(x; 
; B ) is the latency-reliability function, x the latency requirement, B is the packet
size, 
 the N dimensional interface data allocation vector with index
 j for a speci�c interface,

for the cloning strategy 
 =
�
1 : : : 1 : : : 1

� T
,Cloning is the most reliable of the techniques.

2.3.2 Splitting

Both k out of N and Weighted are strategies where instead of transmitting a full copy of the
data over each interface, only a fraction of the data is transmitted on each. Splitting the data
into fraction allows for a trade o� between reliability and latency through the selected fraction
size. To be able to utilize the splitting strategies the transmissions must be encoded using
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error correction codes that uses fragmentation such as rateless or Reed Solomon codes. The
receiver is able to decode message, if it receives coded fragments corresponding to approximately
100(1 + � )%.

Strategy: Weighted

The Weighted strategy di�erentiates itself by allowing di�erent sizes of coded fragments to be
transmitted over di�erent interfaces. The latency reliability function of the Weighted strategy is
the probability that the sum of successfully received fractions of data is above the threshold
 d.
This can mathematically be described as:

R(x; 
; B ) =
2NX

h=1

dh

NY

j = i

Gj (x; 
 j � B )) ; (2.6)

where

dh =

(
1; if

P N
j =1 ch;j � 
 j � 
 d

0; otherwise ;
(2.7)

dh ensures that only successful scenarios are counted towards the latency reliability function.
ch;j is the element in the h-th row and j -th column in the 2N � N matrix C, which contains
vectors describing all the possible combinations of data reception on each interface. The element
can be 0 or 1 depending on whether the interfacej s transmission is successful in scenarioh.

Gj (x; 
 j � B ) =

(
Rj (x; 
 j � B ) ; if ch;j = 1

1 � Rj (x; 
 j � B ) ; if ch;j = 0 ;
(2.8)

describes the latency reliability probability that the RAN j experiences the outcome in scenario
h.

Strategy: k out of N

In k out of N i the data split into N equally sized coded fragments where the receiver must
receive at leastk of the to decode the data. The strategy allows for a tradeo� between reliability
and latency as larger redundancy, gives higher reliability at the cost of transmission time.

The latency reliability function of the strategy K out of N is the same as the weighted but with

 j = 1

k for j = 1 ; � � � ; N . It should be noted that K out of N is only optimal if the three RAN
are the same.
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This chapter gives an overview of a multi-interface system, selecting interfaces suitable for
video transmission, while taking into account the interface respective spectrum policies and
communication link conditions. Furthermore, the chapter proposes the outline of a uncertainty
aware latency predictor, which is the main contribution of this thesis. As stated in the Chapter 1
and Chapter 2, each interface comes with its own spectrum policy CSMA and FHSS, posing
both advantages and disadvantages to using either interface.

3.1 Overview of the Video Transmission System

The purpose of the system is to select the combination of interfaces for transmission, optimizing
for low energy consumption, end-to-end latency and high video quality.

Figure 3.1 showcases a system diagram illustrating the data �ow of the video transmission system,
which the latency predictor is designed to be a part of. The actor module, positioned in the
top right corner of Figure 3.1, is responsible for choosing the optimal combination of interfaces.
The actor module has two parameters to control the system, its choice of compression rate and
interface selection. Figure 3.1 is divided into two data �ows, the video frames illustrated in black
and the state data used to inform the actor, illustrated in gray.

3.1.1 Video Frame Data Flow

At the top left is a leaky bucket feeding raw video frames (r ), into a frame queue. This can
be moodle as a constant arrival rate for the frame queue. A raw video frame is taken out of
the queue, following a First In First Out (FiFo) principle, into the compression module. The
compression module compresses the video using a compression rate (� ) chosen by the actor
module. In the interface diversity module, compressed frames (c) are encoded and packaged
according to the diversity technique and interfaces selected by the actor module (a). The actor
chooses among the diversity techniques described in Section 2.3 which dictates the packaging of
the transmissions. The selected interfaces, add a time stamp to the data (dw ; db) after which, the
packets (b,w) are transmitted to a receiver. Throughout this thesis WiFi is used as the CSMA
interface and BLE as the FHSS interface.

Figure 3.1: A block diagram of the envisioned video transmission system
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3.1.2 State Data Flow

For the actor to make a decide on an interface selection and compression rate for optimizing energy
consumption, end-to-end latency and video quality, it must have information about the state
of the wireless environment. As discussed in Chapter 2 the di�erent spectrum policies latency
performance, is impacted by di�erently by the wireless environment. The gray modules and
information �ow, describes the state of the wirelesses environment, that will a�ect the interface
latencies. As such, the state information is primarily used by the latency predictor to estimate
the 95th latency quantile. The state information is gathered through WiFi and BLE's protocols
or in the RF receivers. From the CSMA and FHSS interfaces channel state information and
latency measurements are collected (L w , L b). The ENV-Data Collectors, collecting information
about the wireless environment state, from both the RX (er ) and TX ( et ) devices. Information is
exchanged periodically between the TX and RX devices through a separate duty cycling interface.

The Latency predictors task is to give a 95 latency quantile guarantee, from which the actor
module can select diversity techniques and interfaces, taking into account the amount of frames
in the frame bu�er ( s) to optimize the end-to-end latency of the frames, energy consumption
and video quality.

As mentioned, the uncertainty-aware latency predictor is the main contribution of this thesis.
The following section outlines the operation of the actor module, which speci�es requirements
and motivates the implementation of the latency predictor.

3.2 Actor Module

The objective of the actor module is to facilitate energy-e�cient, reliable, low latency communi-
cation, over a heterogeneous network, consisting of multiple radio access networks (RANs) with
di�erent characteristics. As such, the problem is formulated as a network-selection problem along
with a resource allocation problem of multiple devices using shared communication resources.

The actor module's task is de�ned as a multi-objective optimization problem, aiming to optimize
the communication network in terms of energy e�ciency and video distortion, which occurs as
a result of video compression. Intuitively, compressing video reduces the total amount of bits
to transmit, thereby improving network performance metrics like energy e�ciency and latency,
however at a cost of added distortion or potentially lost information. The optimization problem is
subject to latency and reliability constraints, as well as device/RAN speci�c resource limitations.
The network selection shall take into account the dynamic propagation environment, in which,
the system operate. The actors task is summarized to allocate the available RANs in a way such
that:

� Energy consumption is minimized - Essential for maximizing the battery life and operational
e�ciency.

� Signal distortion is minimized - Ensures minimal information loss due to compression.
Introduces a trade-o� between smaller data loads and signal distortion.

The above optimization problem is subject to network resource constraints as well as the interface-
speci�c mac protocols, discussed in Section 2.2. All of the optimization objectives are encap-
sulated in a utility function U, which will serve as the objective function of the overarching
optimization problem.
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The utility function is formulated as Equation (3.1):

U =
RX

j =1

(�E j ) + �D; (3.1)

where j denote the RAN, E is the energy consumption,D is distortion as a result of video
compression and�; �; are weighting coe�cients to represent the relative importance. In Ap-
pendix A.2 an empirical model of the compression-distortion relationship is made, as well as a
model of the energy consumption for transmission.

This thesis considers a scenario, in which the following constraints are imposed on the device:

� The reliability of communicating on a RAN j must exceedRth , de�ned in terms of latency
as P(L � L max ) � Rth .

� The device can access any numberj 2 f 1; : : : Rg RANs, each with di�erent network
characteristics.

� The device may split its data transmission among multiple RANs. The fraction of data the
device wishes to transmit on a given RANj is denotedPj with Pj � 1 and

P R
j =1 Pj � 1

� The device must consider relevant spectrum policies when selecting the RANs.

� The data may be compressed by a ratio of� before transmission, thereby improving the
energy e�ciency and latency but at a cost of adding distortion.

The optimization problem, with its constraints, can be mathematically presented as Equa-
tion (3.2a).

min
Pj ; �

RX

j =1

�E j + �D (3.2a)

s:t :

P(L � L max ) � Rth ; (3.2b)

0 � Pj � 1; (3.2c)
RX

j =1

Pj � 1; (3.2d)

0 � � � 1; (3.2e)

Pj �B� � r j (3.2f)

where L; L max is the observed latency and maximum allowable latency respectively,Rth is the
reliability threshold, de�ned from the probability of satisfying the latency requirement. As such,
the optimization problem is de�ned as minimizing the energy consumption and signal distortion,
while satisfying latency, reliability, compression and data bandwidth constraints. For the actor
to adhere to the constraint 3.2b, it must have reliable information about the expected worst-case
latency of each available RAN. A discussion about the practical implementation of such an actor
module, is further discussed in Chapter 7.
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3.3 Delimitation: Uncertainty-Aware Latency Predictor

The total latency of a packet transmission is in Equation (2.1) expressed as the sum of multiple
components in the system.

L total = L prop + L trans + L proc + L queue + L ma; (2.1)

where,L proc is the latency incurred due to video compression, which is assumed to be a function
of the compression rate� ; L prop is the propagation delay, which negligible in this system, due
to the short distances involved;L trans is the transmission (or serialization) delay, de�ned as the
packet size divided by the link bit rate, and is in�uenced by both the communication interface
and the current channel state;L ma represents the medium access delay, highly dependent on
the RF environment and the contention level at the time of transmission;L queue denotes the
queuing delay, which is also a potentially dominant factor and depends on the frame arrival rate,
the transmission delay (L trans ), and the medium access delay (L ma).

In this thesis, we focus on the transmission and Medium access delay as these are directly
in�uenced by the choice of interface. As the medium access delay is random and modeled by
a stochastic process, the latency follows a distribution. The purpose of the latency predictor is
to give the actor an estimate of the tail of the latency distribution, in this case de�ned as the
95th quantile. The latency predictor shall be able to predict this quantile, based on the state of
the RF environment (et ; er ), as well as channel state information (L w ; L b) from the interfaces,
as illustrated by Figure 3.2.

Figure 3.2: In-/output model of the latency predictor.

As the prediction from the latency predictor may fail to capture the underlying distributions 95th
quantile precisely, the prediction will come with some uncertainty. This thesis aims to capture
the prediction uncertainty, by giving an interval where we guarantee the 95th latency quantile
of the underlying distribution lies within with 90% con�dence. This interval is what makes the
latency predictor Uncertainty-Aware. The size of the interval can be used as a direct measure
of the certainty of the latency predictor in a given environment. This uncertainty can then be
used as a metric by the actor when deciding the interface diversity technique and interface.

Figure 3.3: In-/output model of the latency predictor with a con�dence interval around the 95th
quantile.

The mapping between the channel link conditions and the 95th latency quantile is far from trivial,
partly due to the medium access protocols. We therefore opt to use a Deep Neural Network
(DNN) to learn the mapping function.
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3.3.1 Available RF Environment State Information for DNN Training

To be able to train a DNN to predict the latency, a dataset must be constructed. The input
features of the DNN will be information about the state of the RF environment that gives insight
into the transmission and medium access delays. The labels will either be the corresponding
observed 95th latency quantiles or a parametric description of the latency distribution. The
idea behind having a latency predictor is to predict the latency of an interface, regardless if the
interface has been used for data transmission. As such the RF environment information must
be periodically collected and accessible for an interface, which has not been selected for data
transmission

The transmission delay are impacted by the bit rate o�ered by the interface, which is impacted
by the SINR of the channel. The SINR a�ect the receivers ability to decode the received signals
resulting in the loss of packets. Both BLE and WiFi, have the ability to change their modulation
scheme hereby changing the required SINR and the achievable throughput. BLE support four
radio modes with varying data rates Normal (1M PHY), transmitting at 1 Mbps, high-speed
(2M PHY) at 2 Mbps and two types of long-range (Coded PHY S2 and S8), supporting rates of
0.5 Mbps and 0.125 Mbps [11]. The throughput of WiFi is dictated by the MCS table, seen in
Section 4.3.3.

An investigation of the available information, describing the RF environment is conducted in
Appendix B.1. In this investigation two measures of SINR are easily accessible by o�-the-shelf
hardware: the Received Signal Strength Indicator (RSSI) is collected by an ADC measuring the
voltage just before the demodulator [14]. For some WiFi chipssets the CSI is available. The
CSI is calculated on the pilot signals L-LTF and HT-LTF in the WiFi preamble, illustrated by
Figure 3.4 [15].

Figure 3.4: Preamble of 802.11n PHY frame [15].

The CSI contains the channel gain, obtained from the channel impulse response, represented by
two bytes: a real and imaginary part of the channel gain for each WiFi subcarrier. The input
space can be shrunk by calculating the magnitude of each subcarriers channel gain and even
further by calculating an SNR using Equation (3.3):

SNR =
P 63

i =0 10� log10 (Ptx,i � jhi j)
Noise �oor

; (3.3)

where Ptx,i is the power of the signal in thei -th subcarrier, and jhi j is the channel gain of the
i -th subcarrier.
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To ensure channel measurements are available for an interface not in use, sounding packets are
to be sent at �xed intervals ts. In Figure 3.5, this behavior is captured in a message sequence
diagrams, taking into account speci�c protocols transmission behavior. The intervaltp indicates
the rate, at which state data is shared between the interfaces, allowing for a new latency prediction.
The impact of the interval tp, is further investigated in Section 5.2.

Figure 3.5: Two examples of message sequence diagrams, a) showcasing WiFi as the active
interface with frequent sampling and periodic sampling on the inactive BLE interface, and b)
showcasing the opposite scenario.

The medium access delay, is dependent on the available resources, and how many devices are
trying to access the resource. For WiFi there are a �xed amount of resources available, however
the number of devices trying to use these resources vary signi�cantly. More active devices in an
area, result in a higher probability of experiencing contention and for that contention to last for
a longer time. The 802.11 standard have been studied to �nd data that could give an indication
of the number of WiFi devices in the area. Here we found the two management frames, more
speci�cally the beacon and probe frame, used in the device discovery phase of the IEEE 802.11
standard [9]. As documented in Appendix B.1 these frames are not encrypted and information
such as the SSID and operational channel numbers are accessible. Meaning the number of WiFi
devices can be used as an input to the latency predictor module.

For the BLE interface neither the number of devices nor the available resources are �xed. As
documented in Appendix B.1, BLE also makes use of a discovery algorithm, which gives an
indicator of the number of BLE devices on the network. The amount resources in BLE vary with
the number of used channels in the channel map due to adaptive frequency hopping.

The training dataset for the DNN consists of latency measurements from WiFi and BLE. The
data is gathered by simultaneously transmitting video frames on both interfaces. The latency is
then calculated by comparing the timestamp of the received packets (w; b).

To be more in speed up development, the latency predictor models are trained on simulated data.
As mentioned, an investigation into available data has been conducted, and simulated inputs are
chosen carefully, to not include unrealistic information about the environment.
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work

This chapter describes the simulation framework developed to generate training data for latency
estimation in WiFi and BLE communication systems. The simulator models link-level behavior,
employing appropriate models for signal propagation, interference and MAC-level access control.
The generated datasets are subsequently used to train and calibrate deep learning models which
predict the resulting latency given information about the channel condition. The chapter is
organized into sections, providing a high-level overview of the modules comprising the link-
level simulator followed by the speci�c implementation of each module, and �nally a section
summarizing the generated datasets for subsequent training of the DNN models and uncertainty
calibration.

4.1 Modularization of Data Generation

To facilitate parallel development in the design and implementation process the simulator is
modularized into four independent sub-systems.

� Environment Generator: Creates randomized wireless environments and device placements.

� WiFi Simulator: Simulates WiFi link behavior under varying interference and contention.

� BLE Simulator: Simulates BLE link behavior with adaptive frequency hopping and re-
transmissions.

� Data Generator: Orchestrates the pipeline, loading simulation parameters from Table 4.1,
invokes each subsystem and saves the results as in Table 4.2.

Figure 4.1 visualizes the data �ow and inter-dependencies between sub-systems. This modular
design facilitates highly reusable and easily tunable subsystems.

Figure 4.1: Data generation subsystem overview

The Environment Generator is responsible for generating the wireless environment and randomly
placing transmitters, receivers and interfering devices. It is also responsible for de�ning the
BLE channel map, setting up the WiFi contention mechanism and determining the number of
WiFi/BLE interferers and hidden terminals.
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The WiFi simulator simulates the transmission of a video frame over WiFi with a �xed frame
size of400kB. It outputs the SINR and resulting latency per transmission. Similarly the BLE
Simulator models transmissions of20kB frames and provides SNR and latency outputs. The
simulation parameters are summarized by Table 4.1 and the generated data storage is summarized
by Table 4.2.

Simulation Parameters
Description Key Type
Number of environment to generate num_env int32
Number of simulations per environment num_iterations int32
Simulation environment dimensions [m,m] env_size tuple(int32, int32)
Transmit power [dBm] tx_power int32
WiFi Channel channel int32
CSMA Thresholds power [dBm] csma_threshold int32
Min & max number of WiFi interferers num_WiFi_interferers tuple( int32, int32 )
WiFi frame size [B] wi�_frame_size int32
Min & max activation probability of WiFi interferers random_activation_prob tuple(�oat32, �oat32)
Size of BLE frame size in bytes ble_frame_size int32
BLE transmission mode ble_transmision_mode str.
Min & max number of BLE interferers num_ble_interference tuple(int32, int32)

Table 4.1: Simulation parameters, input for the data generation system.

Data
Description Key Type
Index of simulated environment env_num int32
BLE SNR values for each environment BLE_snr List(Array(�oat32))
BLE latency values for each environment BLE_latency List(Array(�oat32))
Number of available BLE channels in each enviroment CH_Map List(int32)
Number of BLE interferers in each environment BLE_interferers List(int32)
WiFi SINR values for each environment WiFi_sinr List(Array(�oat32))
WiFi latency values for each environment WiFi_latency List(Array(�oat32))
Postions of interferers causing contention at Tx for each
environment

WiFi_beacons_CSMA List(Array(tuple(�oat32, �oat32)))

Postions of interferers causing contention only at Rx
for each environment

WiFi_hidden_terminals List(Array(tuple(�oat32, �oat32)))

Table 4.2: Data structure for output of data generation system.

4.2 Environment Generator

The �rst step in building the simulator is de�ning the environment. This means creating a
bounded �eld, where transmitters, receivers and interfering devices are placed within. The �eld
generation can be mathematically described using point processes, de�ning how the devices are
spatially distributed.

The simulator employs the simplest �eld generation approach, in which devices are uniformly and
independently distributed over the simulation area, with the only constraint being the position
must be unique. An example of a generated �eld is showcased by Figure 4.2.
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Figure 4.2: Generated simulation environment with random placement of devices.

This type of point process is known as a Binomial Point Process (BPP). The simulation area is
de�ned as a �nite 2D region A in the Euclidian plane.

A = [0 ; W] � [0; H ] � R2 (4.1)

whereW and H denote the width and height of the simulation area. Each device in the simulation
is assigned a positionp, which is randomly drawn from a BPP over A.

p i � U(A); i = 1 ; 2; : : : ; N (4.2)

where N is a �xed number of devices, alternatively determined by a random variable. Once
the �eld is generated and devices are placed, the Euclidian distance between any two devices is
computed as:

di;j = jjp i � p j jj (4.3)

In WiFi, interference may in�uence the spectrum policy CSMA. The simulator de�nes a CSMA
radius RCSMA , which determines whether a device is able to cause contention at the transmitter.
Devices are classi�ed into CSMA and non-CSMA devices depending if they are within the
contention radius RCSMA from the transmitter:

jjp int � p tx jj � RCSMA (4.4)

The radius is determined based on a power threshold of� 62dBm and varies with the path loss
model.

Extensions for Environment Generator

While the current simulator assumes uniform device placement, real-world networks often exhibit
spatial clustering and environmental constraints. This means, patterns often occur in devices
placements, where clustering may have implications on the achievable throughput. A more
realistic placement model can be incorporated into the simulator by moving from a BPP to a
clustered point process. Likewise, placement constraints can be arbitrarily added to the point
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process. Another added complexity, which could increase the realism of the simulator is the
inclusion of time-varying environments, i.e. mobility models. These additions are, however, not
explored in this thesis.

4.3 WiFi Simulator

This section documents the development of a WiFi link-level simulator designed to generate a
dataset which maps channel state and interference conditions to an achievable latency. While
traditional analytical models have been used historically to derive closed-form approximations
for these relationships. These models often rely on simplifying assumptions which fail to capture
the full complexity of real-world wireless environments.

The challenges of accurately representing a wireless environment arise from the stochastic nature,
where a multitude of factors interact with the communication link:

� A varying amount of interfering devices cause dynamic signal degradation.

� Spectrum access policies CSMA, introduce probabilistic access delays that depend on the
network congestion.

� Stochastic channel variation cause a randomly �uctuating link quality.

The problem quickly grows in complexity when trying to capture these real-world variations, and
deriving an accurate analytical model for latency becomes infeasible.

In order to generate a WiFi dataset that e�ectively captures the relationship between channel
state and performance metrics, the simulator must employ appropriate models for each distinct
aspect of WiFi link-level communication. This includes models for

� Signal propagation: Path loss and channel fading.

� Interference e�ects: Signal degradation and device behavior.

� CSMA access control: Access delay, network congestion.

� Performance evaluation: Channel statistics, achievable latency and throughput.

The remainder of this section documents the modular design of the link-level simulator, the
applied models and design choices.

4.3.1 Propagation Model

After de�ning the spatial environment and device placement in the environment generator, the
next step is to model the propagation of signals between devices. A signal propagating through the
wireless medium is subject to attenuation and distortion depending heavily on the propagation
distance and the propagation environment. The signal degradation can often be attributed to
the following factors [16]:

� Path loss: Deterministic signal attenuation, increasing with distance.

� Shadowing: Stochastic large-scale fading, caused by varying environmental obstructions.

� Small-scale fading: Stochastic �uctuations in signal power due to multipath propagation,
re�ections, di�raction and scattering.

Since the simulator focuses on link-level performance in static deployments, averaging over many
channel realizations, the small-scale fading e�ects are omitted, but are typically implemented as
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a Rayleigh or Rician distributed random variable [16]. The received power at the receiver after
path loss and shadowing is calculated as:

Prx = Ptx � PL(d) + X � (4.5)

where Ptx is the transmission power,PL(d) is the deterministic path loss over distance andX �

is the stochastic shadowing term.

Path Loss Model

The path loss model follows a two-region model de�ned byIEEE 802.11-2014 [17]. The IEEE
speci�cation de�ne models for Urban Micro (UMi) and Urban Macro (UMa) scenarios [17]. The
simulator implements the UMi model, which includes both a LOS and NLOS path loss model as
described by Equation (4.6) and Equation (4.7) [17].

PLLOS (d) =

8
><

>:

22:0 log10(d) + 28 + 20 log 10(f c); if 10 m � d � dbp

40 log10(d) + 7 :8 � 18 log10(hAP � 1:0)

� 18 log10(hST A � 1:0) + 20 log10(f c); if dbp � d � 5000 m

(4.6)

PLNLOS (d) = 36 :7 log10(d) + 22 :7 + 26 log10(f c); if 10 m � d � 2000 m (4.7)

where d is the distance between the transmitter and receiver,dbp is the break-point distance
marking the switch between path loss models,f c is the center frequency of the used WiFi chanel as
given by Table 4.3,hAP and hST A are the height of the transmitter and receiver respectively. The
break-point distance is given by Equation (4.8) and a LOS probability is de�ned by Equation (4.9)
[17].

dbp =
4(hAP � 1:0)(hST A � 1:0)f c � 109

c
(4.8)

PLOS (d) = min
�

18
d

; 1
�

� (1 � e� d=36) + e� d=36 (4.9)

Channel Center Frequency
1 2:412 GHz
6 2:437 GHz
11 2:462 GHz

Table 4.3: Commonly used WiFi channels and their center frequency.

The path loss Equations 4.6 and 4.7 illustrate the di�erence in signal attenuation over distance
for LOS and NLOS scenarios. The path loss is visualized by Figure 4.3, using a transmitter and
receiver height of10 m as de�ned in the IEEE speci�cation for AP to AP communication [17].
Figure 4.3 showcases a signi�cantly higher signal degradation in NLOS conditions.
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Figure 4.3: Plot of LOS/NLOS path loss over distance, with highlighted break-point distance,
marking the switch in LOS path loss models.

Shadow Fading Model

For capturing the e�ects introduced by physical obstructions in the propagation path, a model for
the stochastic shadowingX � is necessary. Shadowing is implemented by making random draws
from an appropriate distribution, making the signal strength follow a probability distribution
centered around the path loss, rather than a �xed value.

Shadowing is typically modeled as a log-normal distributionX � � Lognormal(0; � 2), with
the standard deviation being determined empirically. The IEEE 802.11-2014 speci�cation has
documented shadow fading standard deviations as summarized by Table 4.4.

Scenarios
Shadowing Std (dB)

(LOS)
Shadowing Std (dB)

(NLOS)
Shadowing Std (dB)

(Outdoor-to-Indoor in NLOS)
AP $ STA 3 4 7
AP $ AP 3 4 7
STA $ STA 3 4 7

Table 4.4: Shadow fading standard deviations for outdoor path losses, as perIEEE 802.11-2014
[17].

In the simulator this is implemented by letting the LOS be determined by a Bernoulli r.v. with
success probability according to Equation (4.9), that is:

LOS � Bernoulli (PLOS (d)) : (4.10)

After which, the shadowing is determined as a draw out of the corresponding log-normal distri-
bution. The probability density function for both the LOS and NLOS shadowing distributions
are showcased by Figure 4.4.
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Figure 4.4: Histogram showcasing the pdf of LOS and NLOS shadowing distribution.

With the path loss and shadowing models in place, we can now compute the received power and
signal attenuation in the case of just two communicating devices. The next step is to take into
account the presence of interfering devices, whose signals are also prone to the e�ects of this
propagation model. As such the propagation model is foundational to accurately computing the
SINR and thereby the achievable throughput and latency.

4.3.2 Interference Model

While the propagation model allows for computation of the received power between two commu-
nicating devices, interference from other nearby devices may signi�cantly impact the link quality.
The simulator models interference, both in the sense of adding noise and also con�icting with the
WiFi spectrum policy CSMA/CA. This way, interfering devices may actively cause an increase
in the expected latency, or passively degrade the SINR. In order to implement this interference
model, appropriate models must be de�ned for:

� CSMA/CA behavior: Carrier sensing threshold, interferer activation behavior, backo� and
contention time.

� Interference power: Aggregation of interference power at receiver, subject to propagation
model.

� SINR computation: Extension of SNR from the propagation model to include the aggregate
interference power.

Classi�cation of Interferers

As illustrated by Figure 4.2 and described by Equation (4.4), the simulator di�erentiates be-
tween contention-based interference and general uncoordinated interference. This distinction is
crucial, since it determines which devices follow medium access rules, and which devices act as
uncoordinated interference sources.

Contention-based interferers are de�ned as devices withinRCSMA , these are assumed to adhere
to the WiFi medium access protocol, meaning only one device can transmit at a time. The
contention radius is de�ned from the 802.11ax energy detection threshold, which de�nes the
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threshold for being granted a CCA asPed = � 62dBm [17]. Using the propagation model, the
contention radius RCSMA is determined as:

RCSMA = arg min
d

Prx (d) � Ped (4.11)

wherePrx is the received power subject to the propagation model andPed is the energy detection
threshold. The CCA is granted if no other CSMA device is transmitting:

CCA =

(
1;

P
i 2N CSMA

A i = 0

0; otherwise
(4.12)

with NCSMA being the set of CSMA devices andA i being a binary activation variable. The
CSMA access rule ensures transmission is only allowed if no other CSMA-enabled device within
the contention radius RCSMA is active. This check is performed at the transmitter, however the
total interference power a�ecting the SINR is aggregated at the receiver.

Uncoordinated interferers are de�ned as devices outside the contention radius, these devices
transmit independently and do not cause contention at the transmitter. Examples of these
interferers are simply devices operating on the same frequency bands as WiFi, e.g. BLE devices,
or even WiFi devices out of range to cause contention. The activity of these devices is modeled
by simply adhering to their own activation probability, where active devices contribute to the
aggregated interference power at the receiver.

I = 10 log10

0

@
X

i=2N CSMA

A i � 10Pint i � PL int i + X �; int i =10

1

A (4.13)

Since CSMA-enabled devices defer transmission when another device is active, they do not
contribute to the aggregated interference power at the receiver. Instead, interference power is
entirely contributed by uncoordinated interferers and devices outside the contention radius.

CSMA Backo� Mechanism

The CSMA backo� mechanism determines, how WiFi devices resolve contention for the channel.
If the transmitter �nds the channel busy, CCA = 0 , it must defer transmission and retry
after a random delay. Speci�c implementation of the backo� mechanism and orchestration
between devices in contention is de�ned inIEEE 802.11-2020 [10]. Backo� events, as well as
the randomized delay are modeled probabilistically as:

X � Bernoulli(NCSMA ; � ) (4.14)

with NCSMA being the number of devices within the contention radiusRCSMA and � being
the probability of a device actively transmitting. From Equation (4.14), the probability of the
channel being clear, i.e. CCA= 1 , is given as a binomial pmf evaluated atX = 0 :

Pclear = P(X = 0) =
�

NCSMA

0

�
� 0(1 � � )NCSMA (4.15)

If at least one interferer is transmitting at the time of observation, the transmitter enters backo�
and retries in a future time slot. This means the number of backo� events before a successful
transmission follows a geometric distribution with Pclear as the probability of success:

NB � Geometric(Pclear) (4.16)
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If a device enters backo�, it must select a random backo� counter before trying again. IEEE802.11-
2020, de�nes the backo� counter as a random integer drawn from a uniform distribution over
the current contention window [17]:

B i � Uniform(0; CW i ) (4.17)

where CW i is the contention window size at the i -th backo� event. The contention window
evolves exponentially after each backo� event as described by Equation (4.18), and illustrated
by Figure 4.5.

CW i = min( CWmax ; CWmin � 2i � 1) (4.18)

Figure 4.5: Example of exponential evolution of contention window CW. Inspired by [10].

The total contention time, accounting for multiple backo� events and the backo� counter is the
sum of all backo� event delays:

TB =
NB � 1X

i =0

B i � Tslot =
NB � 1X

i =0

Uniform(0; CW i ) � Tslot (4.19)

whereTslot = 20 µs is the duration of a single WiFi time slot. The combined e�ects of interference
power and CSMA contention delay, determine the achievable throughput and latency in the
network. While interference directly impacts the SINR and lowers data rate, high contention
leads to long channel access delays directly impacting the packet latency. The next section �nally
establishes the relationship between SINR, achievable latency and throughput, which will serve
as the basis for dataset generation and training of a ML model.

4.3.3 SINR & Throughput Modeling

The �nal objective of the WiFi link-level simulator is to establish a mapping between SINR,
congestion and achievable latency or throughput. With the models for environment generation,
propagation and interference, the performance of a communication link can be evaluated by:

� Computing SINR at the receiver: Accounting for interference, noise and propagation loss.

� Determine Modulation and Coding Scheme (MCS): IEEE lookup table based on SINR
thresholds.

� Calculate achievable throughput/latency: Incorporate MCS-based data rates, a �xed packet
size and channel access delays from CSMA.
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Computing SINR and MCS

With the interference and propagation models in place, SINR can be computed using the received
power Prx , the aggregate interference powerI and noise �oor N0:

SINR = 10 log10

�
Prx

I + N0

�
(4.20)

where the Prx is given by the received power subject to the propagation model,I is given by
Equation (4.13) and N0 = B � k � T. From the SINR, the throughput can be estimated using a
given Modulation and Coding Scheme (MCS). IEEE 802.11ax-2020 has de�ned an MCS table,
providing coding schemes, modulations and throughputs for given SINR thresholds [10].

In the simulator, the MCS index is determined as a function of SINR. Each MCS level corresponds
to a di�erent modulation type and coding rate, which directly impacts the achievable PHY
throughput. The mapping between SINR, MCS, and PHY throughput is de�ned in Table 4.5.

SINR Threshold (dB) MCS Index PHY Throughput (Mbps)
< 2 N/A 0.0
� 2 0 6.5
� 5 1 13.0
� 9 2 19.5
� 11 3 26.0
� 15 4 39.0
� 18 5 52.0
� 20 6 58.5
� 25 7 65.0
� 29 8 78.0

Table 4.5: Mapping of SINR to Modulation and Coding Scheme (MCS) and corresponding PHY
throughput [10].

Using Table 4.5, the MCS index is assigned based on the current SINR value. The simulator
determines the index by:

MCS = max f k 2 K MCS jk � SINRg (4.21)

where K MCS is the set of prede�ned SINR threshold values corresponding to MCS indices from
Table 4.5. Note that the simulator directly uses the PHY throughput, meaning retransmissions
and further overhead delays are not considered. Assumptions and model limitations are further
discussed at the end of this section.

Computing Latency

As described in Section 4.3.2, a latency penalty is added for each contention event, due to a
random backo� time. Successive contention events lead to a growing contention window, further
increasing the latency penalty. The total time spent in backo� TCSMA , the latency penalty, is
given by Equation (4.19). From the throughput and time spent in CSMA, the total latency for
transmission of a single frame is given as:

Tlatency = TCSMA + Ttx (4.22)

where TCSMA is the latency penalty added from contention andTtx is the transmission time,
depending on the throughput from the MCS table and the frame size, �xed to 400 kB in the
simulator.
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Model Assumptions and Limitations

While the throughput model provides an e�cient estimate of achievable data rates by incorpo-
rating the IEEE 802.11ax MCS table [10]. It introduces several simpli�cations:

� No retransmissions: The model directly assigns the PHY throughput based on SINR
without considering retransmissions. In reality the e�ective throughput is better estimated
using Re� = RPHY (1 � Ploss), with an appropriate model for SINR induced packet loss.

� No MAC overhead: The model does not consider the delay added by transmission of
ACK/NACK, which is neglected due to no retransmissions.

� Perfect MCS adaptation: The simulator operates on an idealized throughput selection,
where the modulation and coding scheme perfectly adapt to the SINR.

4.3.4 Visualization of Simulator Outputs

To illustrate the output of the WiFi simulator, Figure 4.6 presents an example distribution of
SINR values and corresponding latency for a single simulation environment.

Figure 4.6: Histogram of SINR (left) and latency (right) for WiFi transmissions in a single
generated simulation environment.

The SINR distribution captures the stochastic variability introduced by the propagation and
interference models, particularly due to shadowing and distance-based path loss.

Both the SINR and latency distribution exhibits very distinct multi-modal behavior resembling
a form of mixture model. For the SINR distribution this can be attributed to the stochastic
variability introduced by the propagation and interference models, and for the latency distribution,
the multi-modality can be attributed to two key phenomena:

� Exponential tail behavior: The CSMA backo� mechanism introduces geometrically dis-
tributed contention delays. As described in Section 4.3.2, the number of contention windows
grows exponentially with the number of contention events, resulting in the long right-tail
in the latency distribution.
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� Discrete shifts in the latency: The PHY layer throughput, dictated by the SINR-to-MCS
mapping in Table 4.5 introduces discrete changes in transmission time. Resulting in visible
clusters in the latency histogram.

These e�ects combine to produce a latency distribution with potentially overlapping exponential
tails and throughput-induced shifts. The multi-modal characteristics of the WiFi distributions
motivate the use of a mixture model if the distribution is to be parametrically modeled.

4.4 BLE Simulator

Simulating the BLE link layer involves modeling adaptive frequency hopping, signal propagation,
and the e�ects of noise and interference on packet delivery. The simulator makes the following
assumptions:

� Perfect synchronization between central and peripheral devices.

� Advertising and discovery phases are assumed complete.

� Interference is modeled using a simple channel collision model.

� BLE uses uncoded PHY with on-air data rates of 1 Mbps.

Each of the 37 data channels are modeled as a simple collision channel with additive white
Gaussian noise (AWGN). Transmission errors can occur either due to a collision with an interferer
or due to decoding errors caused by low SNR.

Since BLE's uncoded PHY modes lack forward error correction (FEC), even a single bit error
results in complete packet loss. BLE packets include a 3 byte, or 24-bit, CRC. The CRC check
result is relayed back to the sender via an automatic repeat request (ARQ) mechanism [11]. If a
packet is not acknowledged, it is retransmitted until it is successfully received or the connection's
maximum retransmission limit is reached [11].

The total transmission time of a BLE frame accounts for all such retransmissions. Table 4.6
presents the transmission time per packet, including the duration of the payload transmission,
and ACK/NACK handling, across di�erent PHY con�gurations.

Description
1 Mbps 2 Mbps

Normal DPLE Normal DPLE
Packet transmission time 0.296 ms 2.088 ms 0.148 ms 1.044 ms
Switch Radio from RX to TX and back 0.29 ms
ACK/NACK transmission time 0.088 ms 0.044 ms
Total transmission time per packet 0.674 ms 2.466 ms 0.482 ms 1.378 ms

Table 4.6: Overview of BLE packet transmission time across PHY modes [11].

Based on the retransmission behavior of BLE, the total transmission time for a BLE frame is
modeled as:

t frame =
NpacketsX

i =1

Ndec (pdec )X

i =1

(N int (pint )) � tpacket; (4.23)

where t frame is the total frame transmission time, tpacket is the total packet transmission time,
Npackets = D BLE

SPDU
is the total number of packets,DBLE is the Data size in BLE transmission,SPDU
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is the Protocol Data Unit (PDU) size., N int (pint ) the number of retransmissions due to interference
per BLE packet, Ndec(pdec) the number of retransmissions due to decoding errors per BLE packet

The following section will in further detail expand on how the number of retransmissions are
modeled.

4.4.1 Number of Retransmission due to Interference ( N int (pint ))

Interference in the BLE channel is modeled by a simple collision channel. Meaning any inter-
ference on a BLE channel results in a failed transmission. The probability of success for packet
transmission is a function of the available channels in the BLE channel map (CHmap) and the
number of available channels that experience interference during the BLE packet transmission.
The probability of collision is

pint =
�

k
0

�
p0

ch(1 � pch)k = (1 � pch)k (4.24)

The probability of choosing a channel,pch is uniformly distributed over the available channels.
Meaning the probability of choosing any speci�c channel is:

pch =
1

NUC
; (4.25)

where NUC is number of available channels in the BLE channel Map andk is the number of
channels with interference.

The number of channels in the BLE CHmap is a random draw of the distribution in Equa-
tion (4.26), and is constant throughout all sample in an environment. The distribution essentially
models WLAN interference in the channels.

NUC = U(0; 3) � 10 + 7 (4.26)

The number of channels with interference, is drawn from a discrete uniform distribution with its
boundaries de�ned in the simulation parameters.

The probability of a collision is used to model the number of retransmissions due to interference,
N int (pint ), using the geometric distribution. The probability of k number of retransmission is
given in Equation (4.27).

P(X = k) = (1 � pint )k � pint (4.27)

where k is the number of failures andpint is the probability of success.

4.4.2 Number of Retransmissions due to Decoding Errors ( Ndec (pdec ))

The number of retransmissions due to decoding errors of a BLE packet is calculated using the
geometric distribution, with the probability of decoding the Gaussian Frequency-Shift Keying
(GFSK) signal of BLE. The decoding of the GFSK depends on the energy per bit to noise (Eb/N o)
of the signal. The relationship between Eb/N o and PER are modeled through a simulation. The
simulator is based on Matlab's Bluetooth® Toolbox Example, "Bluetooth LE Bit Error Rate

Page 30 of 92



CHAPTER 4. DATA GENERATION AND SIMULATION FRAMEWORK

Simulation with AWGN" [18]. Using the BLEWaveformGeneratorand BLEIdealReciver , perfect
synchronization is assumed. To compare the two uncoded physical modes of BLE, LE1M and
LE2M, Eb/N o is converted to SNR [19]:

SNRdB = 10 � log
�

Eb

No

�
+ 10 � log

�
f b

B

�

where B is the channel bandwidth in hertz, and f b is the symbol symbols per second rate.
Figure 4.7 illustrates the expected PER of the di�erent BLE con�gurations displayed in Table 4.6.

Figure 4.7: BER and PER for di�erent SNR and BLE transmission modes.

The SNR is calculated as
SNRdB = Ptx;db � PLdb � PNoise;db (4.28)

where Ptx;dB is the transmitted power in dBm, PLdB is the Path loss in dB and PNoise;db is
the noise power for 2 MHz in dBm. The noise is modeled as Johnson�Nyquist noise at room
temperature and a transmit power of +8 dBm is used, as it is the maximum transmit power of
a nRF52840 BLE chips from Nordic semiconductors [14].

SNRdB = 8 � PL � 10� log10

�
kbT� f
1mW

�
(4.29)

The environment is outdoors, the path loss is therefore modeled as a Two-Ray Ground Re�ection
Model [16].

PLdB = 40 log10(d) � 20 log10
�
h2

t h2
r

�
� G (4.30)

where,d is the distance between the transmitter and receiverht and hr is height of the transmitter
and the receiver both placed at1:5 m. G is the Antenna gain and is typically between -10 & 10,
here we have chosen one of 5 dB [20]. To simplify calculation it is assumed that no stochastic
process impact the SNR, as a compensation for this a link margin of 15 dB is used [20].
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4.4.3 Runtime Optimization

The processes of calculating the latency of a video frame transmitted over BLE,t frame , described
by Equation (4.23) is repeated several times. As such an optimization of algorithm is in order.
The basic algorithm is shown in Algorithm 1.

Algorithm 1 Computation of t frame

Require: DBLE ; SPDU ; pint ; pdec; tpacket ; num_samples
Ensure: t frame

1: t frame  0
2: NBLE  Npackets

3: for i = 0 to NBLE do
4: SampleNdec(pdec) � Geom(pdec)
5: for j = 0 to Ndec(pdec) do
6: SampleN int (pint ) � Geom(pint )
7: t frame  t frame + ( N int (pint ) � tpacket )
8: end for
9: end for

The goal is to only sample from one combined distribution, instead of sampling multiple geometric
distribution multiple times and taking the sum. We need to determine the distribution of:

N frame =
NdecX

i =1

N int ; (4.31)

where N frame is the sum of a random number of geometric variables. A key property of the
geometric distributions is that the sum of a number of i.i.d. geometric random variables is,
itself a geometric variable with a success probability equal to the product of the two success
probabilities. This is due to the memoryless property of the geometric distribution, meaning
that the probability of success in the next time period T remains the same regardless of time
passed.

This property ensures that repeating geometric trials within a geometric trial preserves the
overall geometric structure. Therefore, instead of separately sampling fromN int and Ndec, we
can directly sample from,N frame � Geom(pint � pdec). Which can be further reduced by exploiting
the negative binomial distribution.

t frame =
NpacketsX

i =1

(N frame(pdec � pint )) � tpacket

= ( Npackets + NB (Npackets; N frame(pdec � pint )) � tpacket

(4.32)

with:

NB(r; p) =
�

k + r � 1
k

�
� (1 � p)kpr ; (4.33)

where r is the number of successes until the experiment is stopped,p is probability of success
and k is the number of failures.
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Figure 4.8 showcases an empirical validation of the optimized algorithm. The validation was
performed using a Monte Carlo simulation with 100E6 trials of Algorithm 1.

Figure 4.8: Empirical validation of simpli�cation.

A test was conducted showing a improvement of the average draw time from a Negative Binomial
distribution is over 10 times faster then doing Algorithm 1 in a JIT optimized python script.

4.4.4 Visualizing the Simulation Output

The BLE simulator takes in a position, a channel map, and number of interferers from the
environment. From the position the SNR is calculated using the two-ray model, from which a
decoding error probability is computed. Furthermore, the channel map and number of interferers
is used to compute the probability of a collision. Multiplying the two probabilities gives us
the e�ective probability p e� of a packet being successfully received and decoded. Figure 4.9
showcases the relationship between the e�ective success probability and the number of required
retransmissions.

Figure 4.9: Heat map over observations of required amount of transmissions
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Using equation Equation (4.32), we can calculate the transmission latency for a frame transmitted
over the BLE interface.

t frame =
NpacketsX

i =1

Ndec (pdec )X

i =1

(N int (pint )) � tpacket = NP � 2:466 ms (4.34)

where NP the number of packet transmissions. Figure 4.10 showcases the latency distribution
output from the BLE simulator from a single simulation environment.

Figure 4.10: BLE latency distribution in an example simulation environment.

4.5 Generated Datasets

Throughout this thesis, a wide range of datasets have been produced. As part of our iterative
design process, smaller and less complex datasets have been used to validate concepts and
subsystems throughout the development. The �nal training and results presented in Chapter 5
and 6 are made on large and more complex datasets summarized by Table 4.7. Part of the added
complexity stems from making the number of interferers a random variable, further magni�ed
by letting the activation probability vary between interferers. To capture the stochastic nature
of the WiFi and BLE simulators, su�cient �elds must be generated and simulated for a large
number of transmissions. This is especially important for the ML training dataset, since the
latency predictor models must be exposed to rare propagation environments. On the other
hand, the dataset for conformal prediction may contain fewer simulation environments, but more
transmissions per environment, since calibration and evaluation must be performed from the
same dataset.
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Description Key ML Dataset CP Dataset
Number of environment to generate num_env 10E3 1E3
Number of simulations per environment num_iterations 10E3 1E6
Simulation environment dimensions [m x m] env_size 400 x 400
WiFi Transmit power [dBm] tx_power 20
WiFi Channel channel 6
CSMA Thresholds power [dBm] csma_threshold -62
Min / max number of WiFi interferers num_WiFi_interferers 3 / 8
WiFi frame size [B] wi�_frame_size 400E3
Min / max activation probability of WiFi interferers random_activation_prob 0.3 / 0.8
Size of BLE frame size in bytes ble_frame_size 20E3
BLE transmission mode ble_transmision_mode LE1M - DPLE
Min / max number of BLE interferers num_ble_interference 3 / 10

Table 4.7: Simulation parameters, of the ML dataset and the CP dataset.
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To enable uncertainty-aware decision making in wireless environments, this chapter presents
and compares several neural-network based machine learning models trained to predict the 95th
latency quantile of WiFi and BLE. These models serve as the core of the uncertainty-aware
latency predictor introduced in Chapter 3, it is trained using the synthetic datasets generated
by the link-level simulator from Chapter 4.

We organize our models into two families based on how they treat the latency distribution. The
�rst group, Parametric distribution models, aim to capture the entire latency distribution by
predicting the parameters of a suitable statistical model allowing for post-hoc analysis. The other
group, quantile regression models, are trained to directly estimate a speci�c latency quantile,
without assuming a particular latency distribution. This trade-o� between �exibility and imposed
assumptions forms the basis for the model evaluation in this chapter.

Across both model families, �ve latency predictors are trained and evaluated:

� Mean-Variance Parametric Regressor (MV-Param): Predicts the full latency distribution
as a single Gaussian.

� GMM Parametric Regressor (GMM-Param): Predicts the full latency distribution as a
gaussian mixture model.

� Mean-Variance Quantile Regressor (MV-QR): Predicts the(1� � )-th quantile of the latency
distribution from a mean and variance feature input.

� GMM Quantile Regressor (GMM-QR, MSE and Pinball): Predicts the (1 � � )-th quantile
of the latency distribution from a a Gaussian mixture model feature input.

To contextualize these models, we �rst formalize the input and output vectors and clarify the
data required for each model. We then describe the preprocessing pipeline, transforming the
raw simulation outputs into suitable features for training the ML models, this includes batching
and statistical �tting. After the preprocessing step, we detail training objectives, loss functions
and architectural considerations for each model. Followed by, a comparative evaluation of the
predictive performance of each model.

5.1 Model Families Overview

The latency prediction models can be grouped into two distinct families based on how they repre-
sent the underlying latency distribution: Parametric distribution models and quantile regression
models. This distinction introduces a trade-o� between statistical �exibility, distributional
assumptions and predictive accuracy.

5.1.1 Parametric Models

Parametric models operate on a foundational assumption of the latency distribution, i.e. Gaussian
or Gaussian Mixture Model. These models are trained to predict the parameters of the assumed
distribution, from which any (1 � � ) quantile can be inferred post-hoc. As such, the underlying
distributional assumption dictates the architecture of the neural network, since the size of the
parametric representation may vary i.e. mean-variance or Gaussian components.

Page 36 of 92



CHAPTER 5. LATENCY PREDICTOR MODELS

� The MV-Param model assumes the latency follows a Gaussian distribution and directly
predicts the distribution's mean and variance(�̂; �̂ ). The target quantile is analytically
derived from the inverse Gaussian CDF.

� The GMM-Param model relaxes the distributional assumption by modeling the latency as
a weighted sum of gaussians (GMM), allowing for a multi-modal distribution, similar to
what was observed in the WiFi simulator output in Figure 4.6. It predicts the parameters
of each gaussian component(�̂ ; �̂ ; ŵ )

This family of models provides access to the full latency distribution, allowing for post-hoc statis-
tical analysis such as quantile computation or uncertainty modeling. However, the performance
may heavily degrade if the true latency distribution deviates from the underlying assumption.
Figure 5.1 illustrates the architecture for parametric models, where the neural network outputs
a set of distribution parameters describing the full probabilistic distribution.

Figure 5.1: Visualization of parametric model, predicting a full probabilistic distribution.

5.1.2 Quantile Regression Models

In contrast to the parametric models, quantile regressors are trained to directly predict a target
latency quantile, without modeling the full distribution. These models operate on the raw latency
samples and therefore make no assumption on the underlying distribution, making them highly
adaptable to complex latency distributions.

� The MV-QR model, predicts the (1 � � )-th quantile (q̂1� � ), using a compact statistical
representation of the propagation environment, SINR mean and variance. This model is
trained with the traditional quantile loss, also known as the pinball loss function, making
it learn the 95th quantile directly.

� The GMM-QR (MSE) model, uses a more descriptive statistical representation of the
environment (GMM SINR representation) as its input and predicts the (1 � � )-th latency
quantile. This model is trained with empirical 95th quantiles as targets using a mean-
squared-error loss function rather than the traditional pinball loss.

� The GMM-QR (Pinball) model is identical to the MSE variant, but was trained with the
traditional pinball loss, rather than precomputed 95th quantile targets.

This model family is particularly well-suited for cases where the latency distribution is skewed or
exhibits heavy tails, such as the latency distribution observed in Figure 4.6. This comes at the
cost of only providing a point prediction of the target quantile, rather than a full probabilistic
distribution., meaning a separate QR model must be trained for alternative quantile targets.
Figure 5.2 illustrates the architecture for quantile regression models, where the model directly
predicts the target quantile q̂1� � .
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Figure 5.2: Visualization of quantile regression model, directly predicting the(1 � � )-th quantile
for the interface i .

5.1.3 Inputs/Outputs

Each model outputs predictions for both WiFi and BLE interfaces. The input representations
are de�ned per interface, with the possibility to use di�erent statistics, i.e. GMM parameters
for WiFi SINR and mean-variance statistics for BLE SNR. Similarly for the output latency
distribution the following notation is de�ned:

� Direct latency quantiles q̂0:95;i for QR models

� Parametric representations of latency distributions(�̂ i ; �̂ 2
i ) or ( ^� i ; �̂ 2

i ; w i ), for parametric
models

where the subscripti 2 f WiFi, BLE g denotes the communication interface and boldface symbols
denote vector-valued parameters. Following this notation, input and output speci�cations for
each model is summarized by Table 5.1. Note that all models use metadata describing the
RF environment as supplementary inputs to the parametric representation, the metadata is
summarized by Table 5.2.

Model Input Representation Output Output Type
MV-Param � i ; � 2

i �̂ i ; �̂ 2
i Gaussian distribution

GMM-Param � i ; � 2
i ; w i �̂ i ; �̂ 2

i ;ŵ i GMM distribution
MV-QR � i ; � 2

i q̂0:95;i Quantile point prediction
GMM-QR (MSE) � i ; � 2

i ; w i q̂0:95;i Quantile point prediction
GMM-QR (Pinball) � i ; � 2

i ; w i q̂0:95;i Quantile point prediction

Table 5.1: Model input and output speci�cations. Subscript i 2 f WiFi ; BLEg denotes the
interface. Bold symbols indicate vector-valued GMM parameters.

Description Key
Number of used BLE channels CH_Map
Number of BLE interferers BLE_interferers
Number of WiFi interferers in CSMA WiFi_beacons_CSMA

Table 5.2: Supplementary metadata describing the RF environment.
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5.2 Preprocessing

To prepare the data for training, the raw simulation outputs must be transformed into statistical
representations as speci�ed by Table 5.1. This involves aggregating individual latency and
SINR samples into batches, unto which appropriate Gaussian and GMMs distributions are �tted.
These �tted distributions form the input features and targets used by the models throughout
this chapter.

5.2.1 Batching Strategy

Batching is required to convert raw �eld-level measurements into structured statistical features.
For this a few batching strategy were considered:

� Sliding window, allowing for overlaps between batches. This e�ectively reduces the sampling
time allowing for more frequent predictions, at the cost of redundant or duplicate data.

� Non-overlapping batches, simpli�es the data splitting by forcing every batch to be inde-
pendent and unique.

We opted for non-overlapping batches to avoid contamination between training and test sets.
While sliding windows do shorten the time required to collect su�cient samples for a prediction
and may improve the update rate of the actor, it introduces sample overlap which complicates
the evaluation.

Batches can be de�ned in three ways, each with their own bene�ts and drawbacks; by a �xed
number of samples, a �xed memory budget or by a �xed time duration. For example, �xed-
memory ensures safe inference on constrained hardware, while �xed-sample ensures uniform batch
quality. However, this comes at the cost of a variable inference frequency, which is undesired in
feedback-driven systems [21]. Therefore, we opt for a �xed-duration batching strategy, meaning
each batch spans a constant time windowLat_threshold seconds. This facilitates a �xed
inference frequency, consistent with classical control system requirements. It could however, be
bene�cial to use a combination of the three in a real implementation.

5.2.2 Batching Implementation

The batching logic is shown via a �owchart by Figure 5.3. For each environment, latency and
SINR values are split into batches spanning a �xed time window. Batches with fewer than two
valid latency observations or with missing values are discarded. In practice, such sparse batches
would indicate a signi�cant latency and therefore an unusable interface.
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Figure 5.3: Flowchart of the batching procedure.

Each valid batch is processed to extract the mean and variance of both the latency and SINR
values, as required by models relying on Gaussian input features. Additionally, for the models
relying on a GMM input, we �t an GMMs of up to 8 components the SINR and latency samples
using the GaussianMixture class from scikit-learn.

The number of Gaussian components is chosen based on the number of interference devices hidden
to the transmitter but visible to the receiver. The intuition behind this, is that devices only
visible to the receiver, are su�ciently far from the transmitter to not in�uence its CSMA, but
still cause a degradation in SINR at the receiver. This in�uences the choice of MCS index, which
is the primary cause of multi-modality in the latency distribution. In order to keep the dimension
of the input to the latency predictor models consistent, we zero-pad the unused components
ensure a GMM parameter length of 8. Note that GMMs were only �tted to WiFi distributions,
since no multi-modality was observed for BLE. For all purposes, the input to the GMM models
can be thought of as an 8-component GMM for WiFi and a single component for BLE.
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The �tting process utilizes the Expectation-Maximazation (EM) algorithm, iterating up to 100
steps or until a convergence tolerance of10E-3 is reached. To ensure a valid �t, environments
with fewer batches than GMM components are discarded. The EM algorithm alternates between
the E-step, where the log-likelihood is computed as:

Q(� ; � old ) = E [l(� ; X ; Y) j X ; � old ]

= E[ln(p(X j � )) jX ; � old ]

=
�

l (� ; X ; y) p(y j X ; � old ) dy;

(5.1)

where, p(yjX ; � old ) is the conditional density of Y given the observed data,X and assuming
� = � old [22]. The other step, is the M-step, in which the expected value is maximized with
respect to the new parameters� new [22]:

� new = max
�

Q(� ; � old ): (5.2)

These batch-level statistics(�; � 2) or (�; � 2 ; w ), form the structured dataset for all subsequent
model training and evaluation.

5.2.3 Prediction Frequency

The batch duration, Lat_threshold directly determines, the rate at which the system can
perform a prediction and make a decision on the interface. A short batch duration, may give
a more responsive system with frequent predictions and more dynamic switching of the used
interface, but the batches may not be su�ciently large to facilitate accurate predictions. To
balance the prediction quality and system responsiveness, we evaluate the relationship between
batch durations and prediction quality using the Kullback-Leibler (KL) divergence.

For each batch durationLat_threshold , we compute the resulting KL divergence between the full
latency distribution, �tted on all latency observations L f in an environment, and the batch-level
distribution, �tted on the subset of observations L sub

f . This is done for both of the parametric
models meaning both Gaussian (�; � 2) and GMM (�; � 2 ; w ) representations. The results are
shown by Figure 5.4

Figure 5.4: Average KL divergences between �tted model on batch data compared to �tted model
on �eld data at di�erent latency thresholds and distributions

Page 41 of 92



CHAPTER 5. LATENCY PREDICTOR MODELS

Based on Figure 5.4, a batch duration of 20 seconds for both BLE and WiFi has been chosen,
balancing the model accuracy and prediction frequency.

5.3 Parametric Models: Training & Evaluation

The parametric models from Section 5.1 are trained to predict the full latency distribution
for both WiFi and BLE. These models impose a distributional assumption on the latency, in
this case either a Gaussian or a GMM distribution. The models are trained to minimize the
divergence between the predicted and empirical latency distributions. By learning the parameters
of the assumed distribution, these models provide access to post-hoc statistical analysis, such as,
computing the 95th quantile latency q̂0:95;i for each interfacei 2 f WiFi ; BLEg, which is obtained
analytically for the Gaussian model and numerically, via. sampling for the GMM.

5.3.1 Loss Function: Kullback Leibler Divergence

To train the parametric models, we minimize the KL divergence between the empirical latency
distribution p(x) and the predicted latency distribution q(x) [23]. The KL divergence is a measure
of how one probability distribution diverges from a reference distribution, its de�ned as:

KL (pjjq) =
�

p(x) log
�

p(x)
q(x)

�
dx (5.3)

This expression measures how much information is lost when the model's predictionq(x) is used
to approximate the empirical distribution p(x), in the form of relative entropy [23]. In practice
p(x) is estimated from a �tted Gaussian or GMM, as described in Section 5.2.

For the MV-Param model, which assumes a Gaussian latency distribution, the KL divergence
has a closed-form solution:

KL (NpjjN q) = log
�

�̂
�

�
+

� 2 + ( � � �̂ )2

2�̂ 2 �
1
2

; (5.4)

where (�; � 2) denote the empirical mean and variance, and(�̂; �̂ 2) are predicted by the MV-
Param model. Figure 5.5 visualizes this divergence, plotting the pointwise KL divergence, the
integrand from Equation (5.3), between two Gaussian distributions.

Figure 5.5: Visualization of the KL divergence between two Gaussian distributionsp(x) and q(x)
(left plot). Plots the pointwise divergence with the total divergence being the shaded area (right
plot).
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For the GMM-Param model, where both the empirical and predicted distributions are Gaus-
sian mixtures, the KL divergence no longer has a closed-form solution [24]. Instead, various
approximation methods are proposed, utilizing the KL divergence between individual Gaussian
components, or simply approximating the GMM by a single Gaussian [24]. For training the
GMM-Param model, we opt for a variational approximation of the KL divergence:

KL (PjjQ) �
1
B

BX

b=1

KX

i =1

w(b)
p;i log

0

@
P K

i 0=1 w(b)
p;i 0e� KL (p( b)

i jj p( b)
i 0 )

P K
j =1 w(b)

q;j e
� KL (p( b)

i jj q( b)
j )

1

A ; (5.5)

where b indexes batches,i; j index Gaussian components,KL (p(b)
i jjq(b)

j ) is the closed-form KL
divergence between Gaussians. The numerator serves as the intra-mixture similarity ofp(x),
serving as a normalization or reference distribution, and the denominator is the inter-mixture sim-
ilarity between p(x) and q(x), which quanti�es how well the predicted mixture q(x) approximates
the true mixture p(x) [24].

5.3.2 Hyperparameter Selection and Training Setup

The hyperparameters for both parametric models are selected through a hyperparameter sweep
conducted using the Weights and Biases (WandB) platform. We have con�gured the sweep to
iteratively explore di�erent parameter values for: hidden layers, hidden dimensions, learning rate
and batch size. A sweep is conducted for both the MV-Param and GMM-Param model and the
best-performing model is selected for evaluation. Figure 5.6 visualizes the parameter combinations
and their resulting validation KL divergence loss, while Figure 5.7 shows the importance of each
hyperparameter with respect to the validation loss. These �gures show the training process
for the GMM-Param model, similar sweep results are presented for the MV-Param model in
Appendix C.

Figure 5.6: Parallel coordinates plot of hyperparameter sweep for the MV-Param model. Visual-
izes parameter combinations and the resulting KL divergence loss.
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Figure 5.7: Visualizes the parameter correlation with respect to validation KL divergence loss
for the MV-Param model.

The �nal hyperparameters, chosen from the parameter sweeps are summarized by Table 5.3 and
5.4. These tables list the chosen hyperparameters for the best-performing model of each type.
The MV-Param model uses a compact input representation and therefore a relatively shallow
network, while the GMM-Param model requires a deeper network for its more complex input
representation.

Parameter Details
Input features � i ; � 2

i for both interfaces (4 total)
Hidden layers 3 densely connected layers
Hidden layer dimension 1024 nodes
Activation function ReLU
Output layer �̂ i ; �̂ 2

i (4 total)
Output activation Softplus for variances
Loss function Gaussian KL divergence (Equation (5.4))

Table 5.3: Hyperparameters of the best-performing MV-Param model.

Parameter Details
Input features � i ; � 2

i ; w i for both interfaces (28 total)
Hidden layers 5 densely connected layers
Hidden layer dimension 1024 nodes
Activation function ReLU
Output layer �̂ i ; �̂ 2

i ;ŵ i (28 total)
Output activation Softplus for variances, softmax for weights
Loss function Variational KL divergence (Equation (5.5))

Table 5.4: Hyperparameters of the best-performing GMM-Param model.
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5.3.3 Model Evaluation

The parametric models are evaluated based on how well the predicted quantiles match the
empirical latency quantiles observed in the test data. Since these models predict full latency
distributions, any quantile can be extracted post-hoc and evaluated accordingly.

For the MV-Param model, which assumes a Gaussian distribution, the 95th quantile is computed
analytically by using the inverse Gaussian CDF:

F � 1(0:95) = �̂ i + �̂ i � � � 1(0:95) = �̂ i + �̂ i � z0:95 (5.6)

where � � 1(p) is the quantile function of a standard Gaussian distribution andz0:95 � 1:65 is
its numerical approximation. Since the quantile function does not have a closed-form solution,
numerical approximations are used, typically found from a Z-table [25].

For the GMM-Param model, no closed-form solution exists for the quantile function of a mixture
distribution. Although the quantile is theoretically de�ned from the cumulative density of
the mixture, standard tables do not exist. Therefore, we approximate the 95th percentile via
Monte Carlo sampling, by drawing 10,000 samples from the predicted GMM and computing the
empirical quantile of the sample set.

To visualize how well the MV-Param model captures the latency distribution, Figure 5.8 shows the
prediction for a randomly selected test �eld, Field 5013. The predicted and target distributions
are plotted alongside the empirical histogram, with true and predicted 95th quantiles indicated.
For BLE, the unimodal Gaussian assumption �ts the empirical distribution well. However,
for WiFi, the distribution is broader and asymmetric, making it harder to represent with a
single Gaussian. Note that the model is trained to predict the target distribution, as de�ned
in Section 5.2, meaning even accurate predictions may not match the empirical quantile if the
underlying distributional assumption is a poor �t.

Figure 5.8: Visualization of randomly selected prediction from the MV-Param model. Showcases
the empirical, target and predicted distribution with highlighted 95th quantiles.

To quantify the predictive performance across the entire test set, Figure 5.9 shows the distribution
of prediction errors for the 95th quantile. BLE predictions are tightly clustered around zero,
while WiFi prediction errors are generally larger and more spread due to the mismatch of the
Gaussian assumption. Similar evaluation results for the GMM-Param model are presented in
Appendix C.
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Figure 5.9: 95th quantile prediction error distribution for the MV-Param model.

5.4 QR Models: Training and Evaluation

The quantile regression models from Section 5.1 are trained to directly predict the 95th latency
quantile of each interface without assuming any underlying distribution. This makes them
more �exible than the parametric models, especially in the presence of skewed, heavy-tailed or
multimodal distributions, but limits their output to a single point prediction per interface, rather
than the full distribution.

5.4.1 Loss Functions: MSE and Pinball Loss

The QR models are trained using either the pinball loss or MSE.

� MSE-based models, e.g. GMM-QR MSE, use precomputed emperical 95th latency quantiles
as the regression target. Meaning the MSE model does not operate on the raw latency
samples, but train towards an extracted quantile target from the environment's latency
distribution.

� Pinball loss-based models, MV-QR and GMM-QR Pinball, do not require precomputed
quantiles and instead learn to minimize an asymmetric loss function, guiding its predictions
towards the 95th quantile.

The pinball loss function is de�ned as:

L � (yi ; ŷi ) =
�

� (yi � ŷi if yi � ŷi

(1 � � )( ŷi � y) otherwise
; (5.7)

where yi and ŷi are the true and predicted latencies respectively and� is the target quantile.
This means the QR models are making a point prediction on the latency given their respective
inputs, and the loss function is guiding the prediction towards the target quantile via asymmetric
loss values for under- and overpredicting.

Figure 5.10 visualizes a randomly selected WiFi latency distribution, and the pinball loss function
with � = 0 :95. The pinball loss reaches its minimum when the predicted latencŷyi matches the
95-th quantile as shown by Figure 5.10.
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Figure 5.10: Visualization of WiFi latency distribution with pinball loss function overlay and
highlighted minimum loss for a randomly selected �eld.

To further evaluate the pinball loss function, the deviation between loss function minimum and
empirical 95th latency quantile, has been computed for the entire test set of 10E3 �elds, the
deviation is shown by Figure 5.11.

Figure 5.11: Deviation between pinball loss minimum (� = 0 :95) and empirical 95th quantile for
WiFi (left) and BLE (right).

5.4.2 Hyperparameter Selection and Training Setup

All QR models use a densely connected feedforward neural network. Similarly to the parametric
models, hyperparameter sweeps are conducted for each QR model using WandB. The hyperpa-
rameters for the best-performing model of each type is summarized by Table 5.5, 5.6 and 5.7,
these models are selected for further evaluation.
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Parameter Details
Input features � i ; � 2

i for both interfaces (4 total)
Hidden layers 5 densely connected layers
Hidden layer dimension 1024 nodes
Activation function ReLU
Output layer q̂0:95;i for both interfaces (2 total)
Output activation Linear activations
Loss function Pinball Loss (Equation (5.7))

Table 5.5: Hyperparameters of the best-performing MV-QR model.

Parameter Details
Input features � i ; � 2

i ; w i for both interfaces (28 total)
Hidden layers 5 densely connected layers
Hidden layer dimension 512 nodes
Activation function ReLU
Output layer q̂0:95;i for both interfaces (2 total)
Output activation Linear activations
Loss function Mean squared error

Table 5.6: Hyperparameters of the best-performing GMM-QR MSE model.

Parameter Details
Input features � i ; � 2

i ; w i for both interfaces (28 total)
Hidden layers 5 densely connected layers
Hidden layer dimension 1024 nodes
Activation function ReLU
Output layer q̂0:95;i for both interfaces (2 total)
Output activation Linear activations
Loss function Pinball Loss (Equation (5.7))

Table 5.7: Hyperparameters of the best-performing GMM-QR Pinball model.

5.4.3 Model Evaluation

The QR models are evaluated by comparing their predicted 95th latency quantilêq0:95;i to the
empirical quantile computed from the raw latency observations in the test data. Since the QR
models directly output a point prediction for the quantile, no further post-processing is required.
Figure 5.12 illustrates an example prediction from the GMM-QR Pinball model, showing both
WiFi and BLE latency distributions alongside the predicted 95th quantiles. Like in the parametric
case, BLE exhibits a unimodal latency distribution, for which the prediction aligns well with
the empirical quantile. For WiFi, although the distribution exhibits drastically heavier tails
and more skewed distributions, the quantile predictions remain near the targets, demonstrating
robustness in the presence of more complex latency distributions as opposed to the parametric
models.
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Figure 5.12: Visualization of randomly selected prediction from the GMM-QR Pinball model.
Showcases the empirical latency distribution with the predicted and empirical 95th quantile
highlighted for WiFi and BLE.

Similarly to the parametric models, the QR models are evaluated across the full test set, Fig-
ure 5.13 showcases the error distribution for the GMM-QR Pinball model and corresponding
results for the other QR models are deferred to Appendix C. From Figure 5.13, the BLE predic-
tions are tightly located around zero, re�ecting consistent accurate quantile predictions, albeit
biased towards overpredicting. WiFi predictions also show accurate predictions, but exhibits a
broader error distribution, consistent with the more complex latency distribution. Notable for
all QR models is a bias towards overpredicting, which may be attributed to the asymmetric loss
of the pinball loss function as shown by Figure 5.10.

Figure 5.13: 95th quantile error distribution for the GMM-QR Pinball model

The �exibility of QR models, especially those trained with pinball loss, make them particularly
e�ective at capturing the behavior of complex latency distributions, without requiring explicit
distributional assumptions. This is particularly re�ected by the tightness of the error distribution
for the QR models when compared to the parametric ones.
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5.5 Model Comparison

The �ve models introduced throughout this chapter di�er fundamentally, either in how they
are trained or how they represent the latency prediction: the parametric models predict a full
distribution, while QR models directly estimate the 95th latency quantile. To compare their
predictive accuracy, we evaluate the absolute error of the predicted 95th quantile against the
empirical value, across the entire test set.

In addition to the trained models, we include a naive baseline estimator, which estimates the
95th latency quantile directly from a subset of raw latency observations. For each �eldf , let
L f = f l i gN

i =1 denote the full set of latency samples. The baseline randomly selects a subset
L sub

f � L f , where jL sub
f j = n < N . It then computes the 95th latency quantile as:

q̂baseline
0:95;f = Q0:95(L sub

f ) (5.8)

Similarly to the other models, the baseline estimator is compared to the empirical quantile of
the corresponding �eld:

qtrue
0:95;f = Q0:95(L f ) (5.9)

This way the performance of the baseline estimator depends purely on how representative the
latency subset is of the entire �elds statistics. Naturally as the sizen grows, the performance will
improve, for this evaluation a single batch was used for the baseline, according to the batching
strategy in Section 5.2.

Figure 5.14 presents the CDF of the absolute prediction errors, similar to the individual eval-
uations conducted in Figure 5.9 and 5.13. Each curve represents a model, and how quickly
the CDF rises, re�ects the predictive accuracy of the model. Across both interfaces, the QR
models, particularly the GMM-QR Pinball, consistently achieve the lowest prediction error. This
is consistent with the intuition, that QR models perform well when the underlying distribution is
non-Gaussian, skewed or multi-modal. Similarly, we observe a better performance, in predicting
WiFi, from GMM-Param than its counterpart parametric model, once again reiterating the
consequences of imposing a too simple distributional assumption on the latency distribution. No-
tably, the performance of GMM-Param su�ers for BLE predictions, despite both the MV-Param
and GMM-Param models, modeling the BLE distribution identically. This can be explained
by an over-prioritization of WiFi predictions, due to each Gaussian component in the GMM
contributing with its own loss value, meaning the loss is considerably larger by nature for WiFi
predictions.

The baseline estimator, despite requiring no training, shows surprisingly competitive performance,
especially for BLE. This is largely due to the low variability and unimodal nature of the BLE
latency distribution. Crucially, the BLE simulator does not model stochastic fading, meaning
any variance of latency is caused purely by the number of retransmissions. Including stochastic
fading would introduce variance on the SNR distribution, likely resulting in more complex latency
distributions, degrading the performance of the baseline estimator, as observed for WiFi.
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Figure 5.14: Cumulative density function of absolute prediction error of the 95th latency quantile
for all trained models, includes a naive baseline estimator as reference. Note, GMM-QR MSE
has been dubbed GMM-MSE.

Overall, this comparison highlights the trade-o� between:

� Parametric models: providing access to the full latency distribution, allowing for post-hoc
analysis, but require distributional assumptions on the underlying data.

� QR models: directly predicting the 95th latency quantile, proving more e�ective in environ-
ments with complex latency distribution, due to their ability to predict without imposing
assumptions on the underlying distribution.

This comparison serves as an intermediate result, evaluating the predictive capabilities of each
model in isolation. In Chapter 6, we expand on these results to construct uncertainty-aware
prediction intervals using conformal prediction.
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Calibration

Chapter 5 introduced and evaluated �ve neural-network based models for latency prediction:

� Mean-Variance Parametric Regressor (MV-Param)

� GMM Parametric Regressor (GMM-Param)

� Mean-Variance Quantile Regressor (MV-QR)

� GMM Quantile Regressor, MSE (GMM-QR MSE)

� GMM Quantile Regressor, Pinball (GMM-QR Pinball)

Each model produces either explicit latency quantile predictions (QR models) or a full parametric
distribution from which the quantiles are derived (parametric models). While the predictive
accuracy, evaluated in Chapter 5, gives insight into the average performance of the model, it
does not fully capture the models uncertainty which is important when used in decision-making
tasks such as interface selection.

In practical scenarios, particularly under varying and unpredictable network conditions, model
uncertainty plays a central role in selecting a communication interface. A model, that simply
produces a point prediction without expressing uncertainty may lead to unstable or unsafe
decisions. To address this, point predictors can be paired with tools for constructing well-
calibrated uncertainty intervals, enabling decisions to be made under explicit risk bounds [26].

One such tool is Conformal Prediction (CP), a post-hoc calibration method, which wraps any base
model and produce uncertainty intervals with guaranteed statistical coverage. An illustration of
this idea is shown in Figure 6.1, where a point prediction is post-hoc expanded into a calibrated
uncertainty interval using CP. In this chapter, we apply CP to each of the latency predictors
and extend the evaluation to account not only for prediction accuracy but also for the width of
the resulting uncertainty intervals.

Figure 6.1: Illustration of conformal prediction, converting point prediction to calibrated uncer-
tainty interval.
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6.1 Theoretical Background

Conformal Prediction is a framework for constructing uncertainty intervals that are valid under
minimal assumptions [26]. The strength of CP lies in its distribution-free nature. CP does not
require knowledge about the underlying data distribution nor the architecture of the predictive
model [26]. This makes CP well-suited for post-hoc calibration in settings where model architec-
ture di�ers, such as this case where both quantile regression and parametric models are evaluated
under a common uncertainty calibration framework.

While CP exists in many forms, a commonly used approach is Split Conformal Prediction [27].
Split CP leverages a calibration dataset

DC = ( Ŷ1; Y1); : : : ; (Ŷn ; Yn ); (6.1)

and a test point Ŷn+1 , where Ŷi and Yi denote the predicted and true values of thei -th sample
respectively [27]. Note that the CP calibration data, DC is separate from the training and evalu-
ation dataset used to train the ML model. The goal of CP is to construct an uncertainty interval
Ĉ(Ŷn+1 ), such that the ground truth Yn+1 lies within the interval with a certain probability.
Speci�cally, the method guarantees the following marginal coverage:

1 � � � P(Yn+1 2 Ĉ(Ŷn+1 )) � 1 � � +
1

n + 1
; (6.2)

where � 2 [0; 1] is a user-speci�ed uncertainty level, and 1
n+1 is a �nite-sample guarantee. This

�nite-sample coverage guarantee holds under the assumption that the calibration set and the
test point Ŷn+1 are exchangeable, which in practice requireŝYn+1 � P0, i.e. that the test point
is drawn from the same underlying distribution as the calibration set [26]. The �nite-sample
guarantee is a central advantage of CP, as it provides valid non-asymptotic uncertainty intervals,
regardless of the accuracy or complexity of the underlying predictor model [26].

6.1.1 Symmetric and Asymmetric Uncertainty Intervals

Once a predictive model has been trained and a separate calibration datasetDC has been
prepared, the �rst step in applying Conformal Prediction is to compute a nonconformity score
for each calibration point. This score quanti�es the degree to which a model's prediction deviates
from the observed ground truth.

While CP allows �exibility in de�ning the scoring function, the most common choice in regression
settings is the residual, i.e. the di�erence between the predicted and ground truth values. Based
on how these residuals are treated, conformal intervals can be constructed in symmetric or
asymmetric forms [27].

Symmetric Intervals

The most common setting for CP is using symmetric intervals. In this setting residuals are
treated uniformly in both directions. The set of nonconformity scores are de�ned as the absolute
residuals:

R =
n

r i = jYi � Ŷi j
on

i =1
: (6.3)

The calibration value is then obtained as thed(n+1)(1 � � )e
n -quantile of the residuals, this adjusted

quantile accounts for the discrete nature of the calibration set and ensures the theoretical coverage
guarantee from Equation (6.2) is satis�ed:

qcal = Q d( n +1)(1 � � ) e
n

(R); (6.4)
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and the uncertainty interval for a test point Ŷn+1 becomes:

Ĉ(Ŷn+1 ) =
h
Ŷn+1 � qcal; Ŷn+1 + qcal

i
: (6.5)

Symmetric intervals assume the distribution of residuals is approximately symmetric around the
prediction. That is, the predictor model is unbiased and uniformly over- and underpredicts. This
formulation is simple and e�ective, but can lead to overly conservative uncertainty intervals in
the case of biased models with skewed residual distributions [27].

Asymmetric Intervals

In real-world scenarios, such as wireless communication, the distribution of residuals is often
asymmetric. Asymmetries may stem from the loss function used to train the latency predictor.
In such cases, an asymmetric form of CP is preferred.

In the asymmetric case, the scoring function is also residuals, but allows for negative residuals:

R =
n

r i = Yi � Ŷi

on

i =1
: (6.6)

the residuals are partitioned into positive and negative components:

R + = f r 2 Rj r > 0g; R � = f r 2 Rj r < 0g (6.7)

We then compute two independent calibration scores for either side of the uncertainty interval:

q+
cal = Q d( n +1)(1 � � ) e

n
(r : r 2 R + ); q�

cal = Q d( n +1)(1 � � ) e
n

(
�

jr j : r 2 R � 	
) (6.8)

yielding the �nal uncertainty interval:

Ĉ(Ŷn+1 ) =
h
Ŷn+1 � q�

cal; Ŷn+1 + q+
cal

i
(6.9)

While this formulation allows the interval to expand independently on each side, it does not
satisfy the marginal coverage guarantee from Equation (6.2). Instead, the coverage guarantees
are split conditionally on whether the model under- or over-predicts the true value:

1 � � � P
�

Yn+1 2 Ĉ(Ŷn+1 )
�
�
� Yn+1 > Ŷn+1

�
� 1 � � +

1
jR � j + 1

1 � � � P
�

Yn+1 2 Ĉ(Ŷn+1 )
�
�
� Yn+1 � Ŷn+1

�
� 1 � � +

1
jR + j + 1

(6.10)

Here, R + and R � refer to the sets of positive and negative residuals de�ned in Equation (6.7).
These conditional coverage guarantees hold separately for the upper and lower bounds, assuming
that the calibration set contains su�cient residuals of the appropriate sign. This has practical
implications for the implementation of asymmetric CP: the primary motivation for asymmetric
intervals is to correct for model bias, yet a strongly biased model may delay calibration, as it
requires enough under- and overpredictions to reliably estimate both bounds. A strategy for
implementing both symmetric and asymmetric CP will be proposed in Section 6.2.
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6.2 Implementation Details

This section outlines how conformal prediction is applied in practice. While �ve latency models
were introduced in Chapter 5, this section focuses on the implementation of CP for the GMM-QR
model, with corresponding results for subsequent models being deferred to Appendix D.

Although asymmetric conformal intervals o�er greater �exibility and could potentially yield
tighter uncertainty bounds, they require su�cient samples of both under- and overpredictions in
the calibration set. This requirement poses a practical challenge during deployment, especially
for models trained with asymmetric loss functions, e.g, pinball loss, which naturally produce
skewed residuals.

Therefore, all evaluations in this chapter are based on symmetric uncertainty intervals, which
provides robust coverage without relying on balanced residuals. To address the limitations of
this approach and enable asymmetric intervals in future deployment, we propose a calibration
strategy in Section 6.2.3, for handling skewed residuals in the asymmetric framework.

6.2.1 Calibration Procedure for GMM-QR

The GMM-QR model produces explicit predictions of the 95th latency quantile, denoted̂y0:95;i ,
for both WiFi and BLE. While prediction provides an estimate of the tail latency, it is not
guaranteed to be calibrated. Therefore, we apply symmetric CP to construct uncertainty intervals
around the model output, calibrated to a target coverage of 90%, i.e.� = 0 :10.

When deploying the system in a new environment, calibration data is �rst collected by transmit-
ting video frames over both interfaces simultaneously. Each transmission is logged along with
the channel state, environmental metadata and the observed latency. These observations form
the calibration set.

For each calibration samplei , we compute the residual between the quantile of the observed
latenciesY0:95;i and the model's predicted quantileŷ0:95;i :

R = f r i g
n
i =0 = f Y0:95 � ŷ0:95;i g

n
i =0 (6.11)

The conformal calibration score is then obtained as thed(n+1)(1 � � )e
n -quantile of the residuals:

qcal = Q d( n +1)(1 � � ) e
n

(R) (6.12)

The �nal uncertainty interval is constructed as:

Ĉ(ŷ0:95;i ) = [ ŷ0:95;i � qcal; ŷ0:95;i + qcal] (6.13)

Note that the adjusted quantile is only well-de�ned when the calibration set contains su�cient
samplesn. Speci�cally the adjusted quantile must satisfy:

d(n + 1)(1 � � )e
n

< 1; (6.14)

where a quantile greater than 1 is unde�ned and a quantile equal to 1 would mean an in�nitely
large uncertainty interval. The relationship between the minimum requrired number of samples
nmin and the miscoverage level� is showcased by Figure 6.2. For the target coverage of1 � � =
0:90, this imposes a minimum calibration size ofnmin = 19.
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Figure 6.2: Relationship between minimum calibration set sizenmin and miscoverage level� .

The calibration procedure was performed independently for WiFi and BLE to account for interface-
speci�c latency dynamics such as spectrum policies. The calibration step was repeated for
each �eld independently, mimicking real-world deployment, where calibration occurs locally per
environment.

Figures 6.3 and 6.4 show the distribution of calibration scores across all �elds for WiFi and
BLE respectively. A majority of �elds exhibit a low calibration score below 20 ms. However, a
non-negligible number of �elds require a larger calibration, highlighting the variability in model
accuracy across deployment environments. The following section validates the implementation
of CP empirically evaluating the coverage and ensuring the theoretical guarantees are satis�ed.

Figure 6.3: WiFi calibration score distribution.
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Figure 6.4: BLE calibration score distributions.

6.2.2 Coverage Validation

To validate the implementation of CP, the empirical coverage is measured, i.e. the proportion
of true latency quantiles that fall within the calibrated conformal prediction interval. Varying
the size of the calibration set, simulates spending more or less time in the calibration phase
upon arriving in a new environment. The e�ect of the calibration set size is expressed by the
miscoverage term in Equation (6.2), approaching zero as the calibration set grows.

Each calibration sample corresponds to a batch of latency observations spanning approximately
20 seconds. Therefore, increasing the number of calibration samples re�ects longer on-site
calibration time. For each con�guration of calibration set sizes, the uncertainty intervals are
recalibrated following the procedure from Section 6.1, and the empirical coverage is evaluated as:

Coverage=
1

jD test j

X

i 2 D test

1
n

Yi 2 Ĉ(ŷ0:95;i )
o

(6.15)

Figure 6.5 shows both the empirical and theoretical coverage bounds as a function of the time
spent calibrating. The dark shaded area illustrates the minimum calibration sizenmin , required
for Equation (6.14) to be satis�ed, while the light shaded area denotes the coverage bounds. As
expected, the coverage approaches the nominal level of1 � � = 0 :90, as the calibration set grows
and the miscoverage term vanishes as dictated by Equation (6.2). This highlights a trade-o�
between coverage guarantees and longer on-site calibration time.

In addition to evaluating the average coverage over calibration duration, we also evaluate how
the coverage is distributed across individual �elds. Figure 6.6 shows the distribution of empirical
coverage, computed separately for each �eld at a �xed calibration duration ofT = 500 s. We
observe that most �elds meet or exceed the nominal coverage of90 %, however some �elds
exhibit slight undercoverage, which is consistent with the �nite-sample miscoverage term from
Equation (6.2). Note that the results presented here correspond to the Wi-Fi interface. The BLE
interface exhibited nearly identical behavior and its results are therefore deferred to Appendix D.
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Figure 6.5: Empirical and theoretical coverage
as a function of calibration time.

Figure 6.6: Per �eld coverage distribution for
WiFi.

6.2.3 Strategy for Asymmetric Calibration

While this work uses symmetric conformal prediction for evaluation, asymmetric intervals are
conceptually attractive in situations where the model exhibits biased residuals. As shown in
Section 6.1, asymmetric CP requires separate residual sets for under- and overpredictions. How-
ever, this introduces a practical challenge: to compute both calibration scores, the calibration set
must contain a su�cient number of each residual. When the model is biased towards consistently
overpredicting, it may drastically impact the calibration time, due to insu�cient underprediction
residuals.

We propose two alternative strategies for enabling asymmetric CP in a practical deployment:
a reactive strategy, in which calibration is delayed until su�cient residuals are gathered, here
the state of each residual set is periodically monitored, and a proactive method in which a
probabilistic model is used to estimate the required number of total calibration samples to
feasibly compute the calibration scores.

Reactive Strategy: Observe and Calibrate

In the reactive approach, the system alternates between data collection, inference and calibration.
It proceeds as follows:

1. Collect calibration samples: Transmit a batch of packets on both interfaces and log the
data.

2. Run inference and compute residuals: Feed the collected samples to the latency predictor
and compute the residuals as in Equation (6.7).

3. Check the residual balance: If the condition

min( jR + j; jR � j) > n min ;

is satis�ed the asymmetric calibration can proceed.

4. Repeat: If the condition is not satis�ed, repeat from step 1.

Proactive Strategy: Estimate and Calibrate

The proactive approach models how many samples are needed before asymmetric calibration
becomes feasible, given a known or estimated residual bias. This is particularly useful when
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minimizing the calibration time is important.

Let pu = P(Yn+1 � Ŷn+1 ) and po = P(Yn+1 < Ŷn+1 ) denote the probability of under- and
overprediction respectively. The required number of transmissions to observe at leastnmin

residuals of a given type can be modeled as a negative binomial distribution:

X � NB(r = nmin ; p); (6.16)

where r is the required number of samples andp 2 f pu ; pog is the probability of observing an
under- or overprediction. The probability of seeingnmin such residuals, within t batches is given
by the cumulative density function (CDF):

P(X � t) =
t � 1X

i = nmin

�
i + nmin � 1

i

�
pnmin (1 � p) i (6.17)

The CDF allows for estimating the likely calibration time needed to satisfy the requirement
min(jR + j; jR � j) > n min . The probabilities pu and po can be estimated from prior deployments
or a warm-up phase upon system deployment.

6.3 Interval Width Comparison

The empirical coverage ensures the statistical validity of the conformal prediction implementation.
It does however, not re�ect on the usefulness of the resulting uncertainty intervals. In practical
applications such as interface selection, overly conservative intervals may give statistically valid
coverage yet o�er little value in the decision making. Therefore, we use the interval widths
produced by each model after calibration as a performance metric, under the constraint that
each model achieves statistically valid coverage. For each test pointi 2 D test , the interval width
is de�ned as:

wi = q+
cal;i + q�

cal;i (6.18)

where q+
cal and q�

cal are the upper and lower calibration values, derived from the residuals, as
described in Section 6.1. Since the calibration is performed on a per �eld level. The �nal
evaluation should evaluate the interval width across all �elds.

Table 6.1 reports empirical coverage, mean and median interval width for each of the �ve pre-
diction models. Figure 6.7 visualizes the corresponding cumulative density function of interval
widths serving as a comparison of interval tightness between models.

From Table 6.1 it is observed that the median width remains consistently low for all models,
indicating that, in many environments, the uncertainty intervals are relatively tight. However
the mean width is substantially higher, indicating the presence of some extreme outliers. This
shows that the models fails to predict the latency in some �elds, resulting in high uncertainty in
these �elds.
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Model
WiFi BLE

Coverage [%] Width [ms] Coverage [%] Width [ms]

GMM-QR Pinball 90.37
Mean: 351.29
Median: 24.27

90.37
Mean: 13.86
Median: 11.59

GMM-QR MSE 90.50
Mean: 505.26
Median: 131.70

90.66
Mean: 261.27
Median: 183.92

MV-QR 90.27
Mean: 430.98
Median: 22.36

90.12
Mean: 16.51
Median: 10.39

GMM-param 90.41
Mean: 1299.34
Median: 1040.07

90.70
Mean: 43.02
Median: 24.91

MV-param 90.51
Mean: 355.53
Median: 42.28

90.27
Mean: 13.40
Median: 6.63

Table 6.1: Uncertainty interval coverage and width for all models, grouped by interface. Width
statistics are reported as both mean and median, computed across all �elds.

Among the models, GMM-QR Pinball yields the tightest uncertainty intervals across both
interfaces, con�rming its ability to directly model the 95th latency quantile. The MV-QR model
performs nearly as well, particularly on BLE, supporting the assumption that BLE latency is
well-approximated by a Gaussian distribution. In contrast, the parametric models, especially
GMM-param, exhibit signi�cantly wider intervals, as the conformal calibration compensates for
distributional mismatches between predicted and empirical latency. These �ndings are further
illustrated in Figure 6.7, which shows the cumulative density function of interval widths across
all �elds. The CDF highlights that GMM-QR and MV-QR maintain consistently low-width
intervals in most environments, while the parametric models display heavy tails due to rare
but extreme prediction errors. This con�rms that quantile-based predictors not only improve
accuracy, as shown in Chapter 5, but also lead to more informative and compact uncertainty
intervals under conformal calibration. This is particularly evident with the chosen parametric
distributions, Gaussian and GMM, but more complex distributional assumptions may improve
the performance of the parametric models, this is further explored in Chapter 7.

Figure 6.7: Cumulative density function of uncertainty interval width for all trained models, with
a calibration set collected over500 s. Note that GMM-QR MSE has been dubbed GMM-MSE.
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7.1 Insights from Model Prediction and Calibration

The conformal prediction results presented throughout Chapter 6 and summarized by Table 6.1
con�rm that the framework consistently provides valid coverage near the target of 90% across
both WiFi and BLE for all trained model variants. This both validates conformal prediction as a
robust post-hoc calibration framework and serves as a sanity check for its correct implementation.

However, the mean interval widths varied signi�cantly across the di�erent models. As hypothe-
sized in Chapter 6, there is a correlation between predictive accuracy and the tightness of the
uncertainty intervals. As expected the GMM-QR model achieved the best predictive accuracy
and tightest uncertainty intervals. More broadly, the QR models generally outperformed the
parametric ones, particularly in WiFi predictions, where the true latency distribution deviates
signi�cantly from the assumed parametric Gaussian and GMM distributions. This highlights
the core advantage of QR models, i.e. their ability to adapt to non-Gaussian, heavy-tailed or
multi-modal distributions, due to making no assumption on the distribution of the underlying
data.

Notably, the BLE predictions exhibited far less variation in interval width across the models,
with all models achieving the target coverage with relatively narrow intervals. This is an artifact
of the BLE simulator implementation, which lacks stochastic fading and therefore exhibits less
channel variability. As discussed in Chapter 5, this likely contributed to the surprisingly strong
performance of the baseline predictor for BLE. Similarly, the interval width of the GMM-
Param model su�ered signi�cantly compared to its MV-Param counterpart, despite both models
modeling the BLE SNR and latency with the gaussian distributions. This supports the hypothesis,
that BLE predictions are being suppressed by the GMM loss for WiFi predictions, thereby forcing
the model to prioritize learning the WiFi distribution.

Another notable pattern was the discrepancy between mean and median interval widths observed
for all models and interfaces. As illustrated by Figure 6.7, many �elds have narrow uncertainty
intervals, but a few outliers contribute disproportionately to the overall mean. This suggests
that either the models generalizes poorly to rare scenarios in the calibration set, or the conformal
prediction dataset contains particularly challenging environments. One plausible explanation is
that an abundance of environments in the conformal prediction dataset, include a majority of
interference devices outside the CSMA radius, thereby causing a large variability in MCS index,
causing multi-modality or skewed-ness beyond what was seen in the model training dataset.

7.2 Alternative Framework for Parametric Models

While the parametric models evaluated in this thesis provide a tractable representation of latency
distributions, their performance has consistently fallen behind that of the quantile regressor
models. This is especially evident in the presence of a complex, heavy-tailed or skewed latency
distribution, like the ones observed for WiFi. In this case, the distributional assumption directly
constrains the model's ability to express the latency distribution by imposing an assumption on
the underlying distribution.

The parametric models in this thesis rely on either a simple Gaussian assumption, MV-Param,
or a Gaussian mixture model assumption, GMM-Param to represent the latency distribution.
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Although these distributions are convenient to work with and interpret, they may fail to capture
the tail behavior in a complex simulation environment.

Recent work in [28] propose a more �exible solution grounded in Extreme Value Theory (EVT).
In their approach, the tail of the latency distribution is explicitly modeled as a Generalized
Pareto Distribution (GPD), while the bulk of the distribution is modeled as GMM. This mixture
of distinct distributions forms the basis for their Mixture Density Network (MDN), which maps
network conditions to the parameters of the composite distributions [28]. This supports the idea
from Chapter 5, that the performance of parametric models can indeed be improved, with more
informed decisions on the underlying distributional assumptions. Implementing the framework
from [28], into the parametric pipeline presented in this thesis, would potentially bridge the gap
between parametric and QR models.

Furthermore, this framework opens up for the idea of using a distribution classi�er to aid the
parametric model in choosing the distributional assumption. With such framework, the system
would likely contain a collection of trained parametric models, specialized in their respective
distributions from which the classi�er serves as an orchestrator of which model to use given
the current propagation environment. An overview of this extended framework is showcased
by Figure 7.1, in which the system contains a bank of three parametric models, the MV- and
GMM-Param models from this thesis and the GMM-GPD model from [28].

Figure 7.1: Illustration of the proposed framework with a distribution classi�er orchestrating a
bank of trained parametric models each specialized in its own distribution.

7.3 Data Generation

The machine learning model is never better than the data used to train it. The data generated
and used in this thesis was generated primarily with the focus of capturing the behaviors of
FHSS and CSMA/CA, to evaluate the ML model ability to predicts these e�ect on latency and
to showcase the use of conformal prediction to quantify the uncertainty. The data in the thesis
is based on an outdoor environment with TX, RX and interference devices randomly positioned
in a plane of 400 x 400 meters. The path loss was calculated using path loss models such as
Two-Ray Ground Re�ection Model and the IEEE de�ned model for Urban Micro environments.
As these models are generalized for their respective type of environments, it is not expected that
models trained on the simulated data can be successfully deployed in the real world due to the
generalizations in the model leading to deviations between simulated and real data.

A di�erent data generation approach which was considered during the thesis, was to generate
environment speci�c data using Sionna RT developed by NVIDIA.
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7.3.1 Environment Speci�c Data Generation using Sionna

Sionna, is an open-source tool for link-level simulations using GPU acceleration. Sionna uses ray
tracing (RT) for the simulation of radio wave propagation, incorporating environment parameters,
such as transmitter and receiver orientations and position, material properties and antenna
patterns [29]. This allows for environment speci�c simulations with high details. In Figure 7.2 an
example simulation is performed in a digital twin environment we have created at AAU campus.
The environment is created by importing data from OpenStreetMap into blender, assigning
material properties [30]. Tools likeRaySolver and RadioMapSolver, allow for the computation
of channel impulse responses (CIR) and SINR heatmaps as shown by Figure 7.2a and 7.2b. As
described in Appendix B.1, the CIR is also available form the WiFi devices, and can therefore be
used a more detailed description of the channel compared to the SINR value. The SINR heatmaps
can be used for placing interference devices and classifying them as CSMA or non-CSMA devices.

(a) (b)

Figure 7.2: (a) Imported 3D environment in Sionna with highlighted ray-tracing. (b) Correspond-
ing power heatmap with highlighted transmitter position, takes into account device placement
constraints based on the environment. The example environment is taken from AAU campus.

For the example environment simulation all surfaces are set to concrete. The assignment of
material properties is important, when making a digital twin faithful to a real world environment,
and is an ongoing research area with some of the proposed methods being [31]:

� Manually assigning material parameters of individual objects in the environment.

� Tuning material parameters using measurements of path loss or delay spread.

� Learning material parameters by di�erentiable ray tracing

As both of the last methods require, measurements for calibrating the material parameters, it
should be discussed what is actuality gained compared to just gathering real world data. One
bene�t of a digital twin is the �exibility to generate rare scenarios in the environment, ensuring the
latency predictor is trained on rare observations and captures the extremes. Another advantage
of having a digital is speeding up the training or evaluation of an actor module, since digital
twins can operate faster than real time.
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7.3.2 Continual Learning Framework

Creating a faithful simulation environment is complex and it may be bene�cial to use real-
world data for training since the complexities will be inherently captured in the data. However,
collecting such data is signi�cantly more time consuming and labor-intensive, compared to
synthetic simulation.

Regardless of, whether simulated or real-world data is used for training, deployment in a new en-
vironment will always involve collecting an environment-speci�c dataset for conformal calibration.
This calibration dataset, although primarily used to quantify uncertainty, also opens the door
for continual learning. Future deployments may leverage these calibration datasets to further
train the predictive model, either by �ne-tuning or by training a new model on the expanded
dataset. Since these datasets are collected as a standard operational routine, a continual learning
framework wound incur no additional data collection or computational cost.

In this way, the calibration procedure serves not only to provide calibrated uncertainty intervals,
but also as a method of facilitating long-term model improvement.

7.4 Dynamic Symmetric and Asymmetric Conformal Calibration
Strategy

A key contribution of this thesis is the application of conformal prediction to provide statistically
valid uncertainty intervals for latency quantile predictions. While conformal prediction guaran-
tees marginal coverage regardless of, how the interval was formed, Chapter 6 concluded that
asymmetric intervals are attractive, in case of skewed or biased data distributions.

In Chapter 6 we discussed the challenge of collecting su�cient samples to construct independent
calibration values for either side of the interval. It was concluded that calibration time may
drastically increase, if the rate at which either under- or overpredictions are observed is low.
Nevertheless, we proposed two strategies for implementing asymmetric conformal prediction:

� Reactive strategy: Repeatedly sample, run inference and observe the state of both residual
sets. When the criteria min( jR + j; jR � j) � nmin is satis�ed, calibration can proceed.

� Proactive strategy: Model the required number of samples as a negative binomial distribu-
tion, and estimate the required calibration time prior to collecting samples.

A practical extension of these strategies is to treat symmetric intervals as a fallback calibration
method. A simple implemetation of this would be introducing a calibration time deadlineTmax

cal ,
for the reactive strategy this can be formally expressed as:

T � = arg min
t

�
min( jR + (t)j; jR � (t)j) � nmin

�
; (7.1)

where T � is the earliest time, in which both residual sets have su�cient samples for calibration.
The calibration mode is then selected as:

Calibration Mode =

(
Asymmetric if T � � Tmax

cal

Symmetric if T � � Tmax
cal

(7.2)

Similarly for the proactive strategy, we simply evaluate the estimated calibration timeT̂cal against
the deadlineTmax

cal :

Calibration Mode =

(
Asymmetric if T̂cal � Tmax

cal

Symmetric if T̂cal � Tmax
cal

(7.3)
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In summary, the choice between symmetric and asymmetric intervals introduce a trade-o� be-
tween shorter calibration times with symmetric- and tighter intervals with asymmetric uncertainty
intervals. To manage this, we propose a strategy, which dynamically assess whether asymmetric
calibration is feasible and otherwise falls back to symmetric calibration. This �exibility ensures
the system remains deployable in the case of skewed or biased data distribution.

One important limitation of conformal prediction is its reliance on the assumption that the
calibration set and future test samples are exchangeable, i.e. they are drawn from the same
underlying distribution. In practice, this assumption may be violated under distribution shifts.
This happens if the propagation environment changes signi�cantly. Under a distribution shift,
the calibrated intervals may no longer provide valid coverage. Indicating a new calibration set
should be collected and the calibration redone. As such, a mechanism for detecting distribution
shifts would be bene�cial. A primitive solution is to simply monitor the empirical coverage and
assume a distribution shift if the coverage deviates signi�cantly from the expected1 � � value.

7.5 Actor Implementation

While this thesis focused primarily on the prediction and uncertainty quanti�cation of latency
quantiles, a natural extension is to implement and incorporate a decision making module, i.e.
the actor module as described in Chapter 3. Such an actor would be responsible for translating
the predicted latency bounds into a concrete interface selection, based on predicted latency
behavior and associated uncertainty. This section outlines two potential actor implementations:
a rule-based naive actor and a more �exible reinforcement learning agent.

7.5.1 Naive Actor

A straightforward strategy for interface selection is to always choose the interface with the lowest
predicted upper latency bound. In the context of conformal prediction, this corresponds to:

scorei = q0:95;i + q+
cal;i (7.4)

This rule is well-suited to applications with tight latency budgets, which prioritize worst-case
performance, it is also computationally lightweight and easily justi�able from a safety perspective.

However, this upper-bound rule is not always su�cient, as shown by Figure 7.3. In the �rst
case illustrated by Figure 7.3, both interfaces have the same upper bound and this simple rule
would therefore indicate no preference, despite WiFi exhibiting a larger interval, and therefore
better opportunity for low latencies. As such, interval size encodes potential bene�t and not just
uncertainty.

This dilemma is further nuanced by the second case illustrated by Figure 7.3. In this case BLE
has both a higher upper-bound, but also a lower lower-bound than WiFi. In such a case, the
interface selection becomes highly application-speci�c with a risk trade-o� of exceeding a latency
threshold for the opportunity of a lower latency, or choosing the safe option at the cost of a more
conservative interval. These two scenarios highlight the limitations of the simple decision rule,
of choosing solely based on the upper latency bounds.

To better capture this the trade-o�, the decision rule can be extended to include a penalty/reward
for wide intervals:

scorei = q0:95;i + q+
cal;i + � (q+

cal;i ; q�
cal;i ); (7.5)
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where � is a tunable parameter, which adjusts the risk aversion. Small values� � 1 encourage
more opportunistic selection, while larger values� � 1 emphasize more reliable and tighter
intervals.

In practice, the interface selection process is rarely governed by the latency bounds alone. Addi-
tional application-speci�c metrics like energy consumption, data distortion due to compression,
or interface-speci�c costs may all in�uence the optimal choice. These considerations introduce
trade-o�s which cannot be captured by latency intervals alone. As a result, while the naive actor
o�ers an interpretable and low-complexity baseline, it may fall short in complex scenarios with
multi-objective utility functions, motivating the use of more comprehensive interface selection
strategies.

Figure 7.3: Visualizes two scenarios of interface selection. For equal upper bounds, the selection
is obvious. However it becomes not straightforward, when upper bounds and interval sizes di�er.

7.5.2 Reinforcement Learning-Based Actor

To address the limitations of the naive selection strategy, a more �exible alternative is to
implement an actor using reinforcement learning (RL). An RL-based actor can learn a policy,
which dynamically selects the optimal interface based on the provided latency intervals and
application-speci�c utility metrics.

The conformal prediction framework provides natural input features for the RL agent. The
predicted upper boundq0:95;i + q+

cal, serves as an estimate of the worse-case latency, and can be
used to enforce reliability constraints by penalizing latency violations. Meanwhile, the interval
width jq�

cal + q+
calj quanti�es prediction uncertainty, and can be interpreted as a risk signal. Past

outcomes such as observed latencies or task success rates, form the basis of the agents reward,
thereby guiding the agent to improve its policy.

The agent's reward function can be designed as in Chapter 3, to re�ect various application-speci�c
trade-o�s like:

� Minimize latency violations or end-to-end latency, i.e. exceed some reliability threshold.

� Minimize energy consumption, particularly important on battery-constrained devices.
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� Avoid compression-induced distortion in lossy transmission.

� Penalize interface switching overhead.

This enables the agent to develop context-aware behaviors. For instance, it may prefer BLE when
the predicted performance is similar for both interfaces in order to lower energy consumption.
It may learn to utilize interface diversity strategies like cloning or weighted transmissions if the
latency budget is tight, or it may learn to defer transmission if both interfaces are predicted to
violate latency budgets. This approach aligns closely with the original optimization problem
proposed in Chapter 3, where interface selection is posed as a utility-minimization problem
under latency, energy and distortion constraints. While the implementation of such a RL-based
actor was beyond the scope of this thesis, the foundation provided by the conformalized latency
predictor makes it a natural next step.
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This thesis addressed the critical challenge of ensuring reliable low-latency communication in
the congested unlicensed spectrum, a problem starkly highlighted by real-world scenarios such
as the AAU Space Robotics team's experience at the ERC. The core of this work was to answer:
How can we provide a robust, statistically sound measure of uncertainty for latency predictions
to enable an intelligent and reliable interface selection to improve latency performance?

To this end, we proposed, developed and evaluated a novel approach centered on Uncertainty-
Aware Conformalized Quantile Regression. This method moves beyond traditional point predic-
tions by estimating an interval for a high quantile of the latency, speci�cally the 95th latency
quantile (Q95), and providing a statistically valid guarantee that the true latency quantile will
fall within this interval with a prede�ned con�dence level of 90%.

A comprehensive simulation framework was developed to generate realistic link-level data for
WiFi and BLE interfaces, capturing the complex interplay of propagation, interference, and
MAC-level behaviors such as CSMA/CA and FHSS. This data was instrumental in training
and evaluating �ve distinct latency predictor models, categorized into parametric (MV-Param
and GMM-Param), and quantile regression (MV-QR, GMM-QR MSE and GMM-QR Pinball),
alongside a naive baseline estimator.

The evaluation in Chapter 5 demonstrated that quantile regression models, particularly the
GMM-QR Pinball model, achieved superior predictive accuracy for the 95th latency quantile.
It consistently showed the lowest absolute prediction error across both WiFi and BLE inter-
faces, outperforming not only the baseline estimator, which relies on raw subsampled latency
observations, but also the parametric models like GMM-Param. This superiority is attributed
to the QR models' ability to directly model the quantile without imposing rigid potentially
mismatched distributional assumptions, which proved limiting for parametric models, especially
for the complex, multi-modal latency distributions observed in WiFi.

Chapter 6 successfully applied split conformal prediction to calibrate the uncertainty of these
latency predictions. The GMM-QR Pinball model, our best-performing variant, achieved the
target 90% coverage, speci�cally 90.37% for both WiFi and BLE. Importantly, it also yielded
signi�cantly tighter uncertainty intervals compared to the parametric models while maintaining
this coverage. For instance, the GMM-QR Pinball model produced a median interval width of
24.27 ms for WiFi and 11.59 ms for BLE. In contrast, the MV-Param model, the better of the two
parametric approaches in this regard, had a wider median interval of 42.28 ms for WiFi and a very
competitive 6.63 ms for BLE but with generally higher absolute prediction errors. The GMM-
QR Pinball's ability to produce narrower intervals, e.g., nearly halving the median WiFi width
compared to MV-Param, while ensuring statistical coverage underscores its practical advantage.
The observed discrepancy between mean, e.g., 351.29 ms for WiFi with GMM-QR Pinball, and
median interval widths across all models suggested that while performance was strong in many
environments, certain challenging environments led to larger uncertainties, highlighting areas for
future model re�nement.

The discussion in Chapter 7 explored avenues for future work, including alternative parametric
modeling frameworks like those incorporating Extreme Value Theory, advancements in data
generation using tools like Sionna RT for environment-speci�c simulations, the potential for
continual learning frameworks leveraging calibration datasets, and dynamic strategies for applying
symmetric and asymmetric conformal calibration.
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Furthermore, the groundwork was laid for implementing a sophisticated actor module, from
naive rule-based systems to adaptive reinforcement learning agents, capable of leveraging these
uncertainty-aware latency predictions for intelligent interface selection.

In conclusion, this thesis successfully demonstrated that Uncertainty-Aware Conformalized Quan-
tile Regression, particularly with the GMM-QR Pinball model, o�ers a robust and statistically
sound methodology for latency prediction. By providing not just an accurate prediction, sur-
passing baseline and parametric approaches, but also a calibrated measure of its uncertainty,
exempli�ed by tight median interval widths, 24.27 ms for WiFi, 11.59 ms for BLE, at 90.37%
coverage, this work o�ers a critical tool for developing intelligent interface selection mechanisms.
This empowers communication systems to navigate the inherent unpredictability of unlicensed
spectrum, transforming potentially unreliable channels into more dependable links for mission-
critical applications.
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A.1 Rate-distortion modeling

Appendix A.1 describes the fundamentals of video compression and rate-distortion modeling.
This appendix section is based on the compression scheme Advanced Video Coding or H.264,
however the methods used are scheme agnostic. The following section documents how data was
collected by applying various levels of compression to the MCL-V dataset, how this process
was automated using Python scripts and �nally the �tted model along with its residuals and
comments about model limitations.

A.1.1 Compression Fundamentals

A simplistic de�nition of compression is the size ratio between the original video,input,B i , and
the compressed video, output,Bo, which is stored or transmitted.

� =
B i

Bo
(A.1)

This ratio is known as the compression ratio. In typical video compression, typical ratios range
from 1:100 to 1:200; however, this can increase to several hundreds or even thousands in modern
systems [32]. The compression ratio is an objective measure of how e�ectively the compression
scheme has reduced the size. However, this metric does not account for the resulting quality of
the compressed video [32]. Compression is necessary due to the prohibitively high bandwidth
requirements of streaming raw video. Even for lower resolution formats like HDTV, the raw bit
rate requirement reaches well over1Gbps [32] at 30 fps, further increased at higher frame rates
and resolution formats.

Video streams consist of a series of still images distributed along a temporal axis. Each still
image or frameS is a spatial distribution of sample values referred to as pixels. The pixels of
a still image are arranged in a grid structure, lending itself well to matrix notation. Generally
an image is described by its pixel matrix with spatial dimensions ofX � Y , where each pixel
is a vector which varies with the color format. The most commonly used color space is RGB,
meaning each pixel is a three-dimensional vector describing intensities of the primary colors (Red,
Green, Blue) [32]. As such, a video stream can be mathematically expressed as

S =

2

6
4

s0;0;z � � � s0;X � 1;z
...

. . .
...

sY � 1;0;z � � � sY � 1;X � 1;z

3

7
5 ; (A.2)

where each pixel (for an RGB video)

s[x; y; z] = [ sR ; sG; sB ]

An overview of video compression is showcased by Figure A.1. Here the input videoS is subject
to some encoding functionf , which produces a compressed representation of the input data to
be reconstructed by the decoderg.
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Figure A.1: Overview of video compression �ow.

When using lossy compression, the reconstructed videôS, will di�er from the original input due
to distortion introduced by the encoding process. Various metrics, such as mean squared error
(MSE), signal-to-noise ratio (SNR) or structural-similarity index measure (SSIM) can be used
to evaluate the performance of an encoding scheme.

A.1.2 Evaluating a Compression Scheme

Evaluation metrics for compression schemes are typically split into objective and perceptual
metrics, with MSE and SNR being objective and SSIM being perceptual [32].

The MSE between two frames is computed as the mean squared reconstruction error between
each individual pixel, expressed by Equation (A.3).

MSE =
1

XY

0

@
X � 1X

x=0

Y � 1X

y=0

(sx;y � ŝx;y )2

1

A (A.3)

Alternatively, the compression can be evaluated based on the SNR, which compares the power
of each original frame, to the power introduced by reconstruction error as noise (the MSE),
expressed by Equation (A.4)

SNR = 10 � log

 
1

XY

P
x;y (sx;y � � s)2

1
XY

P
x;y (sx;y � ŝx;y )2

!

(A.4)

MSE-based metrics are favored when evaluating the objective performance of a compression
scheme, due to their ease of calculation. Speci�cally, the peak SNR (PSNR) in Equation (A.5),
has been widely adopted to characterize the image quality of the reconstructed video stream
[32].

PSNR = 10 � log

 
s2

max
1

XY

P X � 1
x=0

P Y � 1
y=0 (sx;y � ŝx;y )2

!

(A.5)

where smax = 2 B � 1 is the maximum value a pixel intensity can take, de�ned by the word
length, also known as bit depth,B . Although there is no perceptual basis for PSNR, it does
align well with subjective assessments. The intuition that a higher PSNR leads to better video
quality holds, and generally PSNR values below20dB are considered unacceptable, while values
in the range 30 to40dB are considered very good [32]. Note that the expression for PSNR in
Equation (A.5) is for computing the PSNR of a single frame, only considering a single color
channel. If the color space has multiple channels, such as RGB, the MSE term becomes:

MSE =
1

3XY

0

@
X

RGB

X � 1X

x=0

Y � 1X

y=0

(sx;y � ŝx;y )2

1

A
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However, in luminance-chroma based color spaces such as YUV,it is common to compute the
PSNR using only the luminance channel, as this predominantly determines the perceptual quality
of the video [32].

A.1.3 Empirical Modeling of H.264 Rate-Distortion Performance

In this section a mathematical model is �tted to empirical rate-distortion data from the MCL-V
raw video dataset. The goal is to �nd a suitable model, which approximates the encoding function
f from Figure A.1, used in H.264 compression. Note that rate-distortion and rate-quality are
used interchangeably, since we only consider objective quality measures (MSE and PSNR), and
distortion simply describes a degradation in quality.

Empirical data is collected from the MCL-V dataset by University of Southern California [33].
The dataset consists of 12 raw videos in the YUV format, showcased by Figure A.2.

Figure A.2: Sample videos from MCL-V dataset [33].

Each raw video is compressed usingFFmpeg, which is an open source multimedia framework,
providing encoder and decoder functionalities for a large variety of implemented compression
schemes. Each video from the MCL-V dataset is compressed with 11 di�erent target bitrates
producing a subset of videos with the following bitrates:

target bitrate =
�

10� 22+ i ji = 0 ; 1; : : : ; 10
	

[kbps]

The process of compressing videos is automated using a Python script, which repeatedly con-
structs the appropriate bash command to run FFmpeg with appropriate �ags as showcased
below.

1 def compress_video ( input_fi le , output_fi le , target_bi trate ) :
2 cmd = [
3 ' f fmpeg ' ,
4 ' - loglevel ' , ' error ' ,
5 ' - i ' , input_fi le ,
6 ' -c :v ' , ' l ibx264 ' ,
7 ' -b :v ' , target_bi trate + ' k ' ,
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