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Automotive video streaming . Crowded event sharing

Essential for
next-gen AR/VR
experiences

6 DoF immersive content f Remote control/ Tactile Internet

Challenges: High transmission bit rate: 35 Mbps — 4.42 Gbps; Low latency: 5 - 10 ms

[1]F. Hu, Y. Deng*, W. Saad, M. Bennis, A. H. Hamid, “Cellular-Connected Wireless Virtual Reality: Requirements, Challenges, and Solutions",
in IEEE Communications Magazine, 2020.

[2] Qualcomm, “VR and AR pushing connectivity limits,” Qualcomm Technologies. Inc., Tech. Rep., 2018 (Accessed on 2019-

12-19). [Online]. Available: https://www.qualcomm.com/invention/extended-reality/virtual-realit
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Task-Oriented Semantics-Aware Communication
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I1: Task-Oriented Semantics-Aware Communication for
Wireless UAV Control and Command Transmission

[6] Y. Xu, H. Zhou, Y. Deng* “Task-Oriented and Semantics-Aware Communication for Wireless UAV Control and Command Transmission,”
|EEE Communications Letter, 2023
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UAYV applications

Agriculture

Environmental exploration

Challenge: Dramatically increasing C&C data under high
transmission frequency brings a heavy burden on the
existing bit-oriented cellular network design.



yC CEIS .
o«“\\“&\s%‘o‘\v 1@ | T
o0 ' ‘
GCS-BS % UAV-UE

H
A A4

U BS serves as the ground control station(GCS) and periodically generates the C&C
signal.

U GCS will receive one acknowledge character(ACK) if the C&C signal is received
successfully.

U UAV user equipment (UAV-UE) flies in a circular horizontal disk with radius R
and height H.




Q The path loss from BS to UAV

4mdf, *
h = (ProsNLos PNLosﬂNLos)( " C) B 1)

where Py s and Pyp,os are the LoS and NLoS probility, 7 is the path loss coefficient,
a is the pass loss exponent, f is the small — scale Rayleigh fading.

U The SNR of the received signal at UAV

Ph

SNR = — )

where P represents the transmit power of BS, and o2 is Additive White Gaussain Noise (AWGN)
power.



O Successfully decode the C&C message or not

5= 1, SINR>y ©)
0, else

We aim to optimize the TOSA information of the downlink C&C transmission
based on the similarity and Aol of C&C data

(P1): {n?ftTgt Zy“ [RY], (4)

In (4), At decides whether to transmit or drop the C&C signal at GCS at the ™ TTI, Ut is all prior historical
observations before the beginning of every transmission time interval (TTI) ¢, Ot is observed history and can be
defined as 0 = {A*~1, U1, ..., A, U}, R is the reward, and y € [0,1) is the discount rate for the performance in
future TTIs.



TOSA Information: we define the reward Ry as a function related to the
observed similarity between adjacent C&C signals Ly and Li—j and the Aol
I{ and I;_; , which is defined as
REFL — FfUHgUY) Successful transmission
0 Faliure transmission,
where the similarity quantifies the importance of C&C related to the task, and
Aol quantifies the freshness of the C&C signal.

Value of Information: to quantify the difference between consecutive C&C
signals, we define the similarity as

t—-1
Z ﬂl(M -M; )
i
TABLE 1
INFORMATION OF _‘u‘f AND R;

i Length 1! Range R,
ROW 4 byles —35% to 35° 70
PITCH 4 bytes —35° to 35° 70
YAW 4 bytes —150°/s to 150° /s | 300

THRUST 4 bytes —Bm /s to 5m/s 10




To normalize the similarity value, we utilize the sigmoid function as
ty — —
f(L ) - 1 + e_g(Lt_() 1
where x controls the gain, and ¢ controls the cutoff.

Age of Information (Aol) is the metric to characterize the freshness of the
information, it can be derived as:
I =ty — tyon = e
Tev. 79" Blog(SNR + 1)’
where N, is the size of C&C signal, and B is the bandwidth. In It, t,..,, is the
time that the packet is received by the UAV-UE and confirmed by ACK, and
tgen is the generated time of C&C signal at the GCS.

We then normalize It as
t

i =1--
GV =27 ar
where AT is the duration of each TTI.



Algorithm 1 DRL-based TOSA Communication Framework
for C&C transmission
Input: The set of available action F.
St = [Lt’]t,At] 1: Algorithm hyperparameters: learning rate A\gms € (0, 1],
discount rate v € (0,1], e-greedy rate € € (0,1], target
. network update frequency K
U Action ¢ 2: Initialization of replay memory M to capacity C, the
A*=0orl1l primary Q-network 6, and the target Q-network 6
3 fort=1,..7 do
4: Update the traffic
5: if p. < € then
6: select a random action A" from A
7
8
9

We adopt DQN algorithm.
Q State

else
select A" = argmaxQ(S*, a,0)
; end if
10: The BS executes the decision, transmits tth C&C
signal or drops tth C&C signal

1 The central server observes S™*!, and calculate the
related R**! using Eq. 6

122 Store transition (S%, A*, Rt*1, S**1) in replay mem-
ory M

13: Sample  random  minibatch  of  transitions
(S, A, R'+1 St+1) from replay memory M

14: Perform a gradient descent for Q(s,a, @) using (13)

15: Every K steps update target Q-network = 6.

16: end for




parameters values
fe 5GHz
Yeh 5.5dB
o2 -104dBm
P 18dBm
€ 1
batch size 32
Arms 10-®
b 0.1

Table : Simulation parameters

average reward
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Figure: Reward for convergence
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Figure: Agent decisions with repetitive times k = 3.



Transmit times
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Figure: Number of C&C Transmission Times



Effective transmission rate

B Bit-oriented Communication

I TOSA Communication

1 2 3 4 5 6 7 8 9 10
Repeat times k for each effective packet

Figure: Effective Transmission Rate.



We developed a general TOSA communication framework for UAV
C&C transmission

We defined age of information (Aol) and similarity to quantify the
semantic-level and effectiveness-level performance, respectively.

We proposed a general DRL algorithm to optimize the TOSA
information of the downlink C&C transmission based on the similarity
and Aol of C&C data.

Our numerical results shed light on that our proposed TOSA framework
can guarantee the C&C task execution with much fewer communication
resources.



I11: Task-oriented and Semantics-aware Communication for
Augmented Reality

[7]1 Z. Wang, Y. Deng*, A. H. Hamid, “Task-Oriented and Semantics-Aware Cc ication for A d Reality,” 2023.
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Fig. 1: AR applications




Traditional Communication Framework for Augmented Reality:
U Use the point cloud as the basic recovery unit.
U Low reliability and high latency.

Information | Message | Signal _, Received Signal

Message
Source Transmitter 9

Destination

Receiver

Channel Noise
Fig. 2: Traditional Communication Framework

Semantic Communication Framework for Augmented Reality:

‘El Message &B Message

U Support real-time changes for
the vast amount of associated

information.
Q Focused on identifying the | ., e,
semantic content of traditional @ ©. . - § knouadge @,
'S 5 ; 9
data, such as text, speech, and : e 7 .
images_ Semantic Encoder Semantic Decoder

Fig. 3: Semantic Communication Framework



Challenges:

O Task-oriented semantics-aware/ semantic communication framework in
AR applications has been proposed.

O Current research in wireless AR applications has not fully addressed the
representation data concerning the effectiveness of avatar transmission.

Q The definition and extraction methods for task-oriented semantics-aware
communication in AR applications have not been explored.



Traditional Point Cloud Communication Framework

Transmitter

o Point Cloud Point Cloud Data Packet Sy,
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. Unity
Plateform
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Fig. 4: Traditional point cloud wireless AR framework.
O Each model requires over 15,000 point cloud representationsis.
U Needs less than 10ms latency to achieve a satisfied QoEf9].

[8] Z.-L. Zhang, U. K. Dayalan, E. Ramadan, and T. J. Salo, "Towards a Software-Defined, Fine-Grained QoS Framework for 5G and Beyond
Networks," in Proceedings of the ACM SIGCOMM Workshop on Network-Application Integration (NAI), August 2021, pp. 7-13.
[9] S. Van Damme, M. T. Vega, and F. De Turck, "Human-Centric Quality Management of Immersive Multimedia Applications," in Proceedings

of the IEEE Conference on Network Softwarization (NetSoft), June 2020, ii 57-64.




FM POINTS

Transmitter Point Cloud

FM POINTS
Plug-in

i Point Cloud Collection

L-W+H

3
Py = [v;.vz,"nvnp«]

3D Scenery Point Cloud
Fig. 5: Point Cloud Collection with FM Points [10].

U The generated point clouds P, of AR application with FM POINTS plug-in
consist of thousands of points v;, which is denoted as

- - - T -
Py = [vl, VZ""'vac] where v; = (lx, ly, Ly, ¢ry Cg, cb) (1)

Np: the number of generated point cloud.
(It 1y, 1) = The location parameters.
(¢r) €g, cp): The color parameters.

[10] FM POINTS plug-in in Unity Store: https://assetstore.unity.com/packages/tools/modeling/fm-points-163045
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Points that need to update distances

Update distances: Each Sample next: Sample
point maintains its smallest the point has the
distance of to {visited points} largest distance.

[7o | [52, 52 Bwg]” Sample next (Farthest Point)

2nd Jteration
(ITTTITTITTT I T I T T T I I TT1]

Point Cloud Downsampling
Fig. 6: Point Cloud Downsampling and Farthest Point Sampling[11].

U The process of point cloud downsampling with the farthest Point Sampling
(FPS), denoted as D(-).can be expressed as:

Papc = [51, B2 ...,gNd]T — D(Ppc) 73]

Pgpc: The point cloud data awaiting transmission.
Ng : The number of downsampled points.

[11] Li, Jingtao, et al. “"An Adjustable Farthest Point Sampling Method for Approximately-sorted Point Cloud Data." 2022 IEEE Workshop

on Signal Processing Systems (SiPS). IEEE, 2022.



| Wireless Communication |
Point Cloud

Point Cloud

Channel : Channel
Encoder - Wireless 9 Decoder
lﬁl-ﬁz-'“-ﬁw,,r Sn Channel
Data Packet Data Packet

Fig. 7: Wireless Communication.

U Rayleigh fading channels, influenced by additive white Gaussian noise and
employing an Orthogonal Frequency Division Multiplexing (OFDM) scheme.
The overall SNR of the communication process within channel can be expressed

as N 2
ch=1 "hn : Sn"

SNR = S8 ©)

sp,: The transmitted signal. h,,: The channel state gain. ¢;2: The subchannel noise.
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Point Cloud Upsampling
Fig. 8: Point Cloud Upsampling and Linear Interpolation [12].

U The upsampling process, denoted as U(-).can be expressed as follows

Pupc = [171, 52,"‘,17Nu]T =U (Pépc), (4)

O The linear interpolation is represented as
X = 1= L+2- 5 = (1= e+t

A-A-U+a-1 = (1= -ch+A-citt
A=) L+ mix=(1—)t)-c;+,1-c;+1(5)

mix
ly

mix
lz

[12] Chen, Yunlu, et al. "Pointmixup: Augmentation for point clouds.” Computer Vision-ECCV 2020: 16th European Conference, Glasgow, UK,

August 23-28, 2020, Proceedings, Part 111 16. Springer International Publishing, 2020.



Point
Cloud

Transmitter

Ui = (Lo by, Ly Cr, Cg, Cp) | mectir

Defined Data Packet

Point Cloud in AR application
Point Cloud

Unity
[51, 52, ‘;N“]T Plateform

L-W-+H
Point Cloud Rendering

Fig. 9: Point Cloud Rendering and defined data packet.

Level of Detail (LoD): Dynamically adjusts the number of rendered points
based on the user viewing distance and save on rendering resources.



QO Joint exploitation of information context and its importance to the task.
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Fig. 10: Task-oriented and semantics-aware communication framework.




Transmitter Base Knowledge

Mesh AppearanceM, Mesh Appearance M,
r
2 Unity- @ . @
88 4L

\
. . Background Model A,
ty Platef Avatar Model A, Skeleton Grapl
Haity Hatetom Background Model position/, Avatar Model position/,, fleion Gieph O

Fig. 11: Base Knowledge.

Base knowledge B, is represent as a subset of the following information:
avatar skeleton graph G, avatar initial position [,, avatar model M, stationary
background model My, stationary model position I, and their appearance
meshes A, and As.

Whenever a new object appears in the AR scene, the base knowledge at both
transmitter and receiver need to be updated synchronously.

Bisar = {Ma: M, Ay, A, ls}- (6)
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Fig. 12: Semantic Information Extraction.
O The entire process of semantic extraction from cloud point Py, denoted as
S(+)., can be expressed as @)

Dtsar [Itsar Itsar . Itsar] — S(Pupc: 95)

Disar: The semantic information of the AR application.
N, : The total number of skeleton in avatar model.
I5": The semantic information in skeleton of the TSAR.



Semantics-aware network(SANet) :

[puiein  [Fraing) [iser, oo, o]

Fig. 13: Semantic extraction process and SANet model parameters.
O Input Data: Downsampled point cloud geometry information Py

O Output Label: Semantic information Dy, Of the skeleton point prediction.

I = (I Ly, Ly T T Ty 1), € [0,N,] - (8)



We consider three components in each skeleton:
1. Quaternion rotation 2. Euler angle 3.Vector position

Euclidean
Skeleton Node

distance: dialy

| The nodes connected
10 152 Js(le il L)

Skeleton Graph
Fomation

Fig. 14: Avatar Skeleton Graph Formation.

Skeleton Graph notation:

U Node: Each skeleton in avatar is denoted as a node in a graph G.

O Neighbor node: The node connect with each other.

U Neighbor nodes distance: The distance between two skeletons in avatar model.
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Defined Data Packet

Fig. 15: The semantic information of TSAR and Euler based TSAR (E-TSAR).
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Fig. 16: Task-oriented Wireless Communication.

The ranking weights of all semantic information Ds,are denoted as V—Vtsarand
can be formulated as

Wtsar = W(Disar, §) = (erWZ ---vWNa): (10)

where w; represents the importance for avatar recovery of 159", Mapping the
skeleton information with higher importance with better channel state:

— = M() . .
M (Wisar, G, Fie) = (It = hy) i € [1,Na],5 € [1,NC] (1)



Algorithm 2 Avatar-based Semantic Ranking Algorithm

1: Initialization: Base Knowledge B

2 Get G, A, from B,

3 Get dyy, g,y from A,

4: Count skeleton number N, = C,(G)
.

6

Euclidean

distance: diluln

Skeleton Node

¢ 5. repeat
o= =0 [P0 ¢ 0S¢ o=k + 1
- e e mm = =
€  podes connected V&b for each 7 in N, do
- g 2 1 8: Update w} with dgy,_j,y based on Eq. (17)
(b 0=l —wl
Skeleton Graph ® @
Fomation

Lio:  end for
Ji1: until § < =

N2 Update {1;. 1} according o Eq. (18) o
OuTpuTT CRarmel Mapping {457 — — — =

Fig. 17: Avatar Skeleton.
Semantic ranking weights calculation:

N, N
w; = a _]a) + Zjio (d(li,lj) X wj) (12)

Semantic information and subchannel mapping:
M (Wesar, 6. 1e) = (1 =2 hy) 1 € LN € [LNG] (13)
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Fig. 18: Avatar Pose Recovery and Rendering.
QO The received data D/, is denoted as

T
_ [7tsarr 7t jtsars
Digar = [Ilsarl‘lzsarl’ 'INS:r ] ’ (14)
Di., : Received semantic information

152" Single received skeleton information.
U Avatar pose recovery process R(-) is denoted as
C’éza = R(Dtsar, B). (15)



node | Algorithm 1 Avatar Pose Recovery

- Initialization: Base knowledge B, received data o

: Get skeleton graph G. avatar initial position [, avatar
model M, and avatar appearance mesh A, from B

3. Count skeleton number N, = C,(G)

4: Count received data Ny = Cr(Dygr)

s if G¢B & el then

6 for each i in N, do

=

lii-1)

node (i-1)

7 Attach ™ to model M,
8 end for
9: else
Fig. 19: Skeleton Graph II?r Tortadil i L do — T T T T T T -\
’ : 1 11 update [; according to Eq. (14) and Eq. (15)
| 12: Attach I{™ to model M, |
The relative distance Al; ;1) between | " mfl“; for 1
skeleton node (|'1) and its root node (|) 15: Generate avatar A, with appearance mesh A, and model [I
: initial position [ acgerding to By, (1600 _
can be represented as fOIIOWS' (:llpul: Avatar wilhu-l'ccuvcrcd position A,

Al iy =1 X lig (16)
Avatar pose recovery:

The actual position of skeleton node i: %
Ay = :R(Désaw B) (18)

L =liq + Al 17)



Transmitter

I = (b by b T T Ty 2)o £ € [0,N;]
TSAR Bisar = {My, My, Ay, Ag, I}

Defined Data Packet
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Fig. 20: The semantic information and base knowledge of EC-TSAR



The overall TSAR framework aims to optimize task-oriented semantics-aware
communication for avatar-centric conferencing and gaming AR applications:

Prming ;- ; )llmT_,er Zt OZNA (ftsar _ ftsarv) ;.

st. i € [1, N4l, j € [1,N,].

(19)

Where N, and N, represent the number of semantic information and

. ATy : : . rtsar
subchannels, respectively. (Ii, hj) is the channel mapping process. I;7
Fsar:
it

and
represent the skeleton information at the transmitter and receiver
respectively.



Semantic-aware network(SANet) :
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Fig. 21: SANet Accuracy.



MPJPE of adjacent frame
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MPIJPE
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Fig. 23: MPJPE under various SNRs.



Time delay (s) / 100 frames
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PSNRy
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Fig. 25: PSNRy






We proposed a task-oriented and semantics-aware communication
framework in AR (TSAR) for avatar-centric end-to-end communication
in AR applications.

We applied an avatar-based semantic ranking (AbSR) algorithm to
abstract features from the avatar transmission and recovery task-level.

We demonstrated the TSAR superiority via numerous experiments.
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