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1. Y.Lu, Y. Li, R. Zhang, W. Chen, B. A1, and D. Niyato, “Graph neural networks for wireless networks: Graph representation,
architecture and evaluation,” IEEE Wireless Communications Magazine, 2024.
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T e EHE (Universal
Approximation theorem) :
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Algorithm 1: BSUM-based algorithm for Problem Py

wn

e N A

11
12
13
14

Initialize {w;[0]} satisfying (4a);

Sett =1;

while |Opt[t] — Opt[t — 1]|/Opt[t] > € do

Update k= (t — 1 mod K) + 1;

Initialize A[0] with F'(A[0]) > O;

Set ¢ = 0;

while F'(A[q]) >  do
Obtain wj[g] by solving Problem Ps;
Update F'(A[g]) by (9). Update A[g + 1] by (8);
Update ¢ = g+ 1;

Update wy[t] = wi[g];

Update w;[t] = w,[t — 1] for j # k;

Update Opt[t] = EE({w;[t]});

Update t =t + 1;
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The defining feature of a GNN is
that 1t uses a form of mneural
message passing in which vector
messages are exchanged between
nodes and updated using neural

networksl1l,

"

~

)

H R 1Z 3% (message passing) HWHADZ LT B .
® A& (Aggregate) fE # (Update)

Target Node ‘o
l o% o
0
o- AGGRIGATE o
Input Graph G".‘ _____ o

FAFAE FEF R

hL’"*Ll) — uppATEX) (hflk). AGGREGATE(k)({hi_,k). Yv € N(“)}))

\ J
1

“Message” 1s aggregated from
node’s graph neighborhood.

1. W. L. Hamilton, Graph representation learning, Springer, 2020.
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Key steps

I System model, problem

i formulation, data pre-processing
|
|

(. (-))\:'y\/ N Pals }j( //4// (( )) \\
{ N il e i . . .
—= \ ’é&; N _/ﬁ, = / - / and training dataset generation
2 . g&f S q;@ / Formulation et EE e R |
., ! \ T e e o o e M e o ——
=  — . S dl 1/ A : .. :
o g | Graph | 1 Definition of graph, node features, |
< .© <D | p | |
2= PP A | representation | | edge features and adjacency matrix |
"g 8 G=(V.E) N ___ 4 |
R Input l FoTTTTTTTTTTTTTTTTTToooooooe |
g S ; V| Model architectures, activation |
= 5 . GNN-based || . . |
2 2 | model N function, loss function and |
c w .
L = N y | hyperparameter tuning |
————————————————————— | |
2 /: Output | == oo oo oo oo .
: é l AT T T T T T \ : . . :
N— - e. i { _ |1 Test dataset generation, ablation |
; E .| Evaluation 11 experiment and result analysis !
: Number of users : ‘ I |
______________ o Nl L ___L

2025/7/27

@Learning & Optimization in Networks Lab.

Challegnes

» Model capability improvement
» Over-smoothing issue

» Complicated constraints

» Complex input and output
» Dynamic wireless environment
» Scalability requirement

» Distributed implementation
» Transfer learning

» Meta learning

» Over-the-air computing

» High-quality dataset

). .
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ME

MU

LW %%

K-th MU k-th MU

Node: Desired link Node: Desired link e Y
Edge: Interference Edge: Interference

Formally, a graph G =(V; E) 1s
denoted by a set of nodes V and a set

e e e 5 ] - —

|

| |

A |

N\ : | of edges E between these nodes.

| | L P

|
. l | | .

| | Adjacency matrix

: : Node feature

| | Edge feature
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MU-MISO RIS network

N: number of antennas of BS
L: number of reflecting elements of RIS
K- number of users

— MU-MISO network

N:- number of antennas of BS

—Q
) j-thuser X:numberofusers _ T H:channel between BS and RIS
g;: channel between BS and i-th user i-th user g channel between BS and i-th user
- -
BS h;: channel between RIS and i-th user

BS .
Jj-thuser

j-thuser
hf=[hl,iahz,i'v"'9])L,i]T

T
gl:[gl,iagl, faeee -gA",i]
1-st
antenna

2-nd
antenna

BS-user link

N-th
antenna

Heterogeneous graph representation

Isomorphic graph representation Heterogeneous graph representation

Rl A I %o R EET
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sharing

{ Transfer learning J

[ Training set J
|

SR\ EHREE P

2%?
,_,_._._._._.al_v.l_, ___________________ ,_.(_} ________ (51\;[_ __:
______________ 1 T
- S I
L || !
—| [~ P - pll PP I'—+
| | |;
N | | | | |!
| | ’
| | _/ U |
| FCL GPL GAL SAL AC | | |[FCL ACFCLy!
- - - .- - - - - - - - - . . - -
- ‘Baseline Proposed
vtlity | By | Kte =05 T MLP [3] | CNN [4] | GAT [9] | SecCNN | SecGNN
5) 100% 50.3% 67.4% | 46.4% | 90.2% | 88.7%
SSR 6 6 100% 49.5% 61.9% 43.0% 84.7% 83.9%
7 100% X X 40.7% X 75.3%
Inference time 34.2s | 1.76 ms 6.15ms || 4.16 ms || 7.00 ms 7.13 ms
5) 100% 61.4% 67.6% 87.1% 93.5% 92.8%
SEE 6 6 100% 56.8% 76.3% 84.4% 90.4% 90.6%
7 100% X X \ 78.8% X  85.8%
Inference time 46.9s | 1.73 ms 6.0lms | 410 ms | 6.89 ms | 6.97 ms

1. Z.Song, Y.Lu*, X. Chen, B. Ai, Z. Zhong, D. Niyato. A deep learning framework for physical-layer secure beamforming [J]. IEEE
Transactions on Vehicular Technology, 2024.

2025/7/27
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H R 1E 3% (message passing) B AL
IR
> X4 (Aggregate)

lJ ?Eizélﬂéﬁ’;"r%#’@ | > E#H (Update)

— |\ __________ h 1 = yppare® (hf,’"). AcGREGATE® ({h!F) Vv ¢ /\/’(u)}))
p
=
l—l Si -
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oy 2 | Aggregation | Updae _| | L | Constraint Activation function
- | <P min (ReLU( p,). P)
O Tcll) s manmte i [— Py i) E
AGG ({h‘_ Mve N (1)}) C (O - : - .
| L Px
B wmaw [
— S| MLP —
\ A ,
e W BVE R '
C
hil‘l) = | —-—
UPDATE” (b".m® ), '— > |l <7 I
( i 'm,\'m)| s maxLPZ"n"‘]
' fel /
Graph representation Message passing |

T
exp(a([w;”hf”||w;,”h§.”J af?)} b/ =vpDATE" (0 m,) —

1.d)
a4 = (I (1) (N (1) T L(@)=

= T +®@"h!" +0"'n! ! ,

Vi 2. exv(a[[w,‘,”hf” [wing | af?) _— ‘ ) o

k=N i) Residual I ol

: ISUR S |
- L wHw |
/a‘“” ] | 0 .—. a _@ B 1 . N
ik nf."“=Ha[ke‘\_ma,»‘,’f’wj,”hi”} ———— T Obj( GNN, ({#, }) )+ 11QoS(GNN, ({1 })) |

AN |

Multi-head attention Residual structure Loss function

2025/7/27 @Learning & Optimization in Networks Lab. 12
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2T 3R & AN o

(a) Ablation experiment: Effectiveness of MP, AN and RD.

¢~
k

(b) Ablation experiment: Multi-head attention.

(c) Ablation experiment: Residual.

MP AN RD SRM | EEM | MMR | Inference time Number of attention heads
X X X 36.1% | 17.9% | 28.3% 0.88 ms Task 1 4 7 10
X X 52.3% | 71.9% | 42.2% 1.02 ms SRM 80.1% | 95.2% 95.5% | 95.4%
x 84.0% | 79.1% | 92.7% 1.85 ms EEM 68.7% | 92.8% | 95.1% | 95.0%
95.4% | 96.5% | 94.2% 2.41 ms MMR 53.3% | 83.7% 88.0% | 90.2%
MP/AN/RD: message passing/attention/residual. Inference time | 2.23 ms | 228 ms | 2.30 ms | 2.34 ms

# A MU-MISO W 4 3% % & 7

it I

Trade—off

EHEEISREREK

2025/7/27

SRM:
EEM:

MMR:

sum-rate max

energy efficiency max

max-min rate

Depth
Task RD
2 3 4 5
X 84.4% 84.0% 4.0% 4.0%
SRM
84.9% | 938% | 95.4% 93.7%
X 85.4% 79.1% | 51.9% 4.4%
EEM
93.4% | 96.5% | 97.9% 96.6%
X 86.5% | 92.7° 65.4% 2.5%
MMR
87.3% | 942% | 95.9% 94.7%
. . X 140ms | 1.89ms | 2.57ms | 4.12 ms
Inference time - - - -
1.60ms [ 2.16ms [ 3.05ms | 5.22 ms

B E R A7 KB a A

@Learning & Optimization in Networks Lab.
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Optimality

LRIECEIN N 35 S AR

Stability Feasible rate
e CV X
e V[P
——GNN -
.. Aegregation
:. > Lst CRGAL @‘
Training efficiency ~~- ~~ Inference efficiency ””mm’“@‘
e ‘ = \ output : W
[ﬁ}— i E -]
Scalability “M/
% 4 J HAR A 4k R R

Combination

I. Y.Ly Y.Lu* B. Ai, O. Dobre, Z. Ding, D. Niyato. GNN-based beamforming for sum-rate maximization in MU-MISO networks
[J]. IEEE Transactions on Wireless Communications, 2024.

2025/7/27 @Learning & Optimization in Networks Lab. 14
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[0 Optimality:

K~ [
op 1 D=1 B (W(m) |9>
|| ZmeM% OPT{

[ Feasibility rate:

M|

MTe

FR = x 100%
] Inference time:

1 . In . Out
IT = }Mge‘ Zmem,ﬁi@ time,,,y — time,,)
e c

x 100%

4 N

Advanced Metrics

1) Model effectiveness: Evaluate the efficacy of the
model based on the basic metrics, where the settings
of the test set and the training set are identical.

2) Scalability: Evaluate the efficacy of the learning-
based approach on the test set with different
settings from the training set.

3) Adaptability: Evaluate the efficacy of the
activation function and the loss function with
different system parameters.

= /

1. Y.Li Y. Lu* B. Ai, O. Dobre, Z. Ding, D. Niyato. GNN-based beamforming for sum-rate maximization in MU-MISO networks

[J]. IEEE Transactions on Wireless Communications, 2024.
2

025/7/27 @Learning & Optimization in Networks Lab. 15
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Optimality Scalability £ g iR
N- T K Tr K Te Model OP FR
CGCN | 82.7% | 100%
Stability Feasible rate CGAT | 864% | 100%
3 CTGCN | 89.0% | 100%
CVX p 4 CRGAT | 96.0% | 100%
- CGCN | 78.8% | 92.7%
—  MLP . | CGAT |826% | 982%
CTGCN | 77.8% | 94.3%
—GNN CRGAT | 922% | 99.5%
CGCN | 55.9% | 99.8%
0]
Training efficiency ~ Inference efficiency 7 C(’:I%?ZL 24713 (;Z 915? (;,27;)
16 2 CRGAT | 953% | 100%
CGCN | 52.2% | 95.9%
[ Scalablhty] o | CGAT |825% | 99.6%
| CTGCN | 45.0% | 92.7%
CRGAT | 94.6% | 100%

I. Y.Ly Y.Lu* B. Ai, O. Dobre, Z. Ding, D. Niyato. GNN-based beamforming for sum-rate maximization in MU-MISO networks

[J]. IEEE Transactions on Wireless Communications, 2024.

2025/7/27 @Learning & Optimization in Networks Lab.
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Stability

[ Optimality

HRRACEE?
|

[ Feasible rate ]

Scalability

= CV X
= MLP
e GNN

Optimality/Feasible rate/Inference time4 g8 W iX

Nt | K | Approach OP FR IT
Beam-SCA | 100% 100% 1.99s
MRT-SCA | 46.6% | 100% 1.29s
ZF-SCA 99.1% | 100% 1.12s
2 4 CMLP 79.7%* 0% 0.93ms
CGCN 84.5% | 99.3% | 0.90ms
CGAT 91.0% | 99.6% | 1.66ms
CTGCN 85.0% | 99.2% | 2.42ms
CRGAT 97.1% | 100% | 2.73ms
Beam-SCA | 100% 100% | 8.48s
MRT-SCA | 40.6% | 100% 1.86s
ZF-SCA 989% | 100% | 2.14s
16 | 8 CMLP 36.1%* 0% 0.94ms
CGCN 52.3% | 98.5% | 0.92ms
CGAT 84.0% | 99.9% | 1.71ms
CTGCN 45.0% | 92.7% | 2.46ms
CRGAT 954% | 100% | 2.81ms

I. Y.Ly Y.Lu* B. Ai, O. Dobre, Z. Ding, D. Niyato. GNN-based beamforming for sum-rate maximization in MU-MISO networks
[J]. IEEE Transactions on Wireless Communications, 2024.

2025/7/27
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4/ AE ERREME TR EIE?

FREBEFIXRLUESXEY?

Py :I{na:stE({Wi})

w; € CNT Vi e K.

. (n) .
v |EE ({¢ (Wl(c(,))} |0) _ EEBSUM

() Comparison of supervised and unsupervised learning.

s EEPSUM
1 e\ ™
LN(O)z—N ZEE {qb(wk )} o
n=1

2025/7/27

Tk | Kon | &= SL | USL | Diff
7 05.1% | 94.2% | -0.9%
SRM 8 8 05.3% | 94.3% | -1.0%
9 04.4% | 93.3% | -1.1%
7 96.0% | 96.1% | -1.0%
EEM 8 8 96.5% | 96.5% | 0.0%
O | 94.9% | 94.9% | 0.0%
7 89.3% | 89.8% | 0.5%
MMR 8 8 87.8% | 88.7% | 0.9%
9 83.9% | 84.9% | 1.0%

SL/USL: supervised learning/unsupervised learning.

@Learning & Optimization in Networks Lab.
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5/ Case Study |: BIf#EMLESERNACEIEILL

P \ Py : EE ({w;
RRRE | o dor: XSRS HEY o+ nax BE (twi )

s.t. ||lwlls < P,
w; € CNT Vi e K.

. ‘ ;
ERRS ey ket Br({wi})
At > ({Wz})— K 2

i M55 Sy Iwill3 + P
Flus ()

hHw,|”
[%ﬂﬂ?%ﬁi{«lﬁﬁ%ﬂ*ﬁﬁfﬂ%ﬂ, I@%éélﬂ%ﬁ}%ﬂ} Ri({w;}) = logs (1 + | u Wk‘ )

ARME | nEF T4

2
SELBRG. . BT RESN Sioy [hffwi|” + o2

I. Y.Ly Y. Lu* R.Zhang, B. Ai, Z. Zhong. Deep learning for energy efficient beamforming in MU-MISO networks: A GAT-based
approach [J]. IEEE Wireless Communications Letters, 2023, 12(7): 1264-1268.

2025/7/27 @Learning & Optimization in Networks Lab. 20
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ETFEF A

NO

_HF
dk.j —
()

exp (f2 J1 (Wd,dir

h{") +w

1) & &%

OEEN0

d,ner~j

) "))

<
aas

3) E4FIE R A

flg) = Com <{
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ZiENUC) exXp <(1l,)dirhl(<;l) + Wg,)nerhz('l)) : agll)) )
2) RE&
l [ l ).
Bk = F (o, Wi i € N(k) )

D(1)

S )

d=1
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5/ Case Study |: E#HEMESERMICEEIILL

B BUE B K

CGAL: Complex Graph Attention Layer \/P_k:W]iC) HWI(CC) H <1
CFCL:€omplex Fully Connected Layer (C)) — | 27
~Cagplox Fully Comeeted 2 (i) ={ vrm® o’
i, Tl
> koodlo
// CGALs CFCLS\ Loss function
input:{h, | LN EE({¢(W](€C)>}(R)|0)_EE%SUM
Ln(6) =+ z_:l FEESUM

No. | Layer type IFs OFs | AMs | CReLU

CGAL N~ 64 20

(51 1
i

CGAL 1280 | 512 | 20

CFCL 10240 | 512 -

| W~

CFCL 512 | 256 -

XTSI SN S

5 CFCL 256 Nt -

XN X | X

[ 4%-: ’/ﬁEﬁ EX J [ 4% '/ﬂE% QSJ‘ J IFs: The dimension of the input feature.

OCs: The dimension of the output feature.
AMs: Number of attention mechanisms.
For each CGAL, a residual connection is added [13].

2025/7/27 @Learning & Optimization in Networks Lab. 22




NEEPRAHRE

\

MAKRPAHFE

ettt ||

REETRATHE

HFANGF

> N5 100,000

Nt | K¢ | Kte | BSUM | MLP | GCN GAT o
> WX £ 2,000
4 2 2 100% | 95.8% | 95.5% | 97.2%
Running time 55.65 l.oms | 3.2ms | 4.2ms
Nt | K¢y | K¢« | BSUM | MLP | MLP* | GCN | GCN* | GAT | GAT*
8 7| x < x| 67.1% | 67.1% | 91.1% | 90.7%
16 8 8 100% | 47.9% | 47.9% | 65.5% | 65.5% | 93.0% | 92.8%
R1 9 X X % 65.2% | 65.1% | 90.9% | 90.4%
Models that use unsupervised learning are marked with *. ;]5%51(%
16 (0 (0 1YV 7/0 “/.77/0 VJ.J /0 7I.U /0
L 9 X X 65.2% | 90.9%
Running time 223.3s | 3.3ms | 3.4ms | 4.3ms

2025/7/27

EEZEWENE LEERZMNE
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5/ Case Study Il: EFFIENHBI AR E

35

Beamforming vector I T A
34F "

Wi = Dk Wk, [We|® =1

EE [bit/Hz/J]

Hybrid zero-forcing and maximum ratio transmission

= === Optimization of beamforming vectors | 4
= Hybrid MRT and ZF (Proposed)

U _ Bk O zr
_(HZM) (a ) . &k ||uk|| —|_ (1 CV]{;) ||gk|| : O MRT )
k Ug _ Bk (0,0) (0.3,0.6) (0.7,0.2) 1,1
leve gy + (1 — a) gyl e
4
a € [0,1] / \ .
It 1s observed that the output dimension is reduced
ZF7 & MRTF & from complex-valued KN to real-valued 2K.

g

R. Zhang, Y. Lu*, W. Chen, B. A1, Z. Ding. Model-based GNN enabled energy-efficient beamforming for ultra-dense wireless networks

[J]. IEEE Transactions on Wireless Communications, 2025.

l.
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5/ Case Study II:

= e v AL B T T

:r""l""_"_"f ————————— 5 ] Method | Ko, MLP CNN GNN
Reduce output dimension EEmmD) oo derence TP \ OP FR OP FR OP FR
p N ! spee =2 5'&3&%!]1” B%iﬁ MMSE | 30 | 94.09% | 100% | 95.12% | 100% | 95.14% | 100%
_ | u 5 2| L N = | HZM | 30 | 94.56% | 100% | 94.62% | 100% | 98.48% | 100%
|
Laeiinbples ot | AN N Method | &0 MLP CNN GNN
N T J | | Enhance optimality | £ % i % ﬁ He etho Te SP FR SP FR SP FR
TN v N 7 e < S ZIANTS T 15 | 85.54% | 100% | 86.57% | 100% | 85.62% | 100%
[ Input GNN —»( Output | ﬁ g ol 4 20 | 89.09% | 100% | 89.98% | 100% | 89.06% | 100%
\ \ / & = 35 X x X x | 96.98% | 100%
K / w Q | SE \
y . ~— 68| SBEHNINZR MMSE — 51— x x x| 98.44% | 982%
Parameter sharing |:I_> Scalability to MUs £ S HAN ) 45 v v X v 98.53% | 75.3%
\ ° ___| 50 x x x x 0% 0%
15 | 86.05% | 100% | 86.46% | 100% | 86.28% | 100%
20 | 89.92% | 100% | 89.82% | 100% | 90.53% | 100%
Hybrid Method HM L3 X X X x| 97.59% | 100%
N |~ MMSE Method | 40 X X X x| 93.65% | 100%
N I ﬂi' — 45 X X X X 89.94% | 100%
a B | 50 X X X x | 86.18% | 57.6%
s i
) o : | o ©
o ~ . o o
h, Graph Neural Network = E ka |: g S - /
1 Do >
I et [ HTGNNEEEFREHIERE N,
‘é h,c h;{“l) _ |: — g g i A \=— f—
8 | a | % % %-l-xtj-j(*ﬂ*;gﬂ-/ S i’ﬁl y 9:' (T1E1]
" 8 . 58 ZAOAEBAESERAIRNIE
2 a4 | |8% = ANE NiR i
- J o . v o
&0 : | w =
e (R FMENINRSE TR
mGAT mCReLU mMLP mCBN mABS | - : —_— \ /

2025/7/27
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5/ Case Study Ill: BEFOTARISHABEMERMLESE

\\\ hkl/ . .
\\\>/ // Interference CSl in MISO interference channels {h,g}
~
XX Channel _
v \)(/ PN Q {hki}l(lo)'(lz) (g)l{ij}
A N - = -
/’< />< h1 21 h3
>\ \ —_— Communication {
/s N\ Desired transmission link

Hl
Link O

/ H,,
Interference H,,
Link

/.7 hix =~ \
7~ N —_———
Tx K
Interference link l_l l—l E

o ket B ({wi)

. K 2 = | | H 330 OH 22
{wi} Zkzl ”Wk” + P h;;| b, | hy,
S.t- Rk ({Wz}) 2 Rreq,
2 (a) Subgraph representation for di-  (b) Fully-connected graph repre-
||Wk || S P, max s rection learning. sentation for power learning.

w; € CNT Vi ke X,

1. C.He,Y.Lu*, B. Ai, O. Dobre, Z. Ding, D. Niyato. ICGNN: Graph neural network enabled scalable beamforming for MISO
interference channels [J]. IEEE Transactions on Mobile Computing, 2025.
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5/ Case Study Ill: EFOTARISHXEHEMEEZHE
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5/ Case Study Ill: EFOTARISHXEHEMEEZHE

"JSRERSEERESBERES BRSNS URAEP AN oa—a o 2
09 1.005 ]
MP RD SR FE OP (Gain) FR (Gain) Inference time 08F 1@ |
X X X X 84.93% (-) 89.35% (-) 0.0501 ms §°-7‘ 009:9 T
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v v vV o v |194.10% (0.85%) | 100% (0.00%) 0.0804 ms 8osl
0.2
MP/RD/SR/FE: message passing/residual/subgraph representation/feature enhancement. 01k I:ggmm 1
OP/FR: Optimality performance/feasibility rate. ICGNN-OTA-one-value
0 1‘0 26 3|o 4|o 50 elo 76 slo 9|o 100
Epoch
Koy = 2 Kn=4 Kn=6 e
SC/OP  FR | SC/OP  FR | SC/OP  FR .
Kre =2 || 99.92%" 100% 90.50% 100% 83.28% 100% 0:8
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Kre =51 79.83% 82.00% | 91.61% 58.90% | 90.45% 100% §05
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0.2
0 e conoma
\ | - p | | | | | ‘ ICI)GNN—OITA—one—IvaIue
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5/ Case Study IV: E#EZERLESITFEFS
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i B N N
| : 2
| D | Y lIwally < Prax, > wall3 < Puax,
Power splitting 0<p, <1,VneN, 0<a,<1,VneN.
% N i N !
_’i Y N | | GAL  FL|
P } v v )
] FL '
N e
utput pn N 2
- | V'EE E—:I | > e [hiw
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1. H.Han, Y. Lu*, Z. Song, R. Zhang, W. Chen, B. Ai, D. Niyato, D. I. Kim. SWIPTNet: A unified deep learning framework for SWIPT
based on GNN and transfer learning [J]. IEEE Transactions on Mobile Computing, 2025.
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1. H.Han, Y. Lu*, Z. Song, R. Zhang, W. Chen, B. Ai, D. Niyato, D. I. Kim. SWIPTNet: A unified deep learning framework for SWIPT
based on GNN and transfer learning [J]. IEEE Transactions on Mobile Computing, 2025.
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5/ Case Study V: EEEISSEEZEY
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I. Y.Li Y. Lu* G.Zhang, B. Ai, D. Niyato, S. Cui. Homogeneous and heterogeneous graph learning for hybrid beamforming in mmWave
systems [J]. IEEE Transactions on Wireless Communications, 2025.
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5/ Case Study V: EEEISSEEZEY
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5/ Case Study V: EEEISSEEZEY
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5/ Case Study VI: EREZEMESER—IBKL
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I. W.Mao, Y. Lu*, G. Pan, J. An, B. A1, D. W. K. Ng, “Cramer-Rao bound optimization for bistatic ISAC: Transceiver design and
attention-based ISACNet,” submit to IEEE Journal on Selected Areas in Communications, 2025. (Available on arXiv)
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5/ Case Study VI: E#hZMLEZ51@ERR—EY
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v X X v 89.5% | 91.2% | 88.1%

X v v X 82.5% | 858% | 83.2%
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TTF is short for Transformer.

_________________________________________________

I. X. Xie, Y. Lu*, C.-Y. Chi, W. Chen, B. Ai, D. Niyato. KANsformer for scalable beamforming [J]. IEEE Transactions on Vehicular
Technology, 2025.
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5/ Case Study VI: EREZEMESER—IBKL

PP AE" MR || Effectiveness | FR?
X v v 89.4% 56.7%
v X v 59.3% 0.56%
v v X 91.8% 96.3%
v v v 92.0% 98.2%

tPP/ AE/ MR/ FR: Pre-processing/ attention-based encoder/ model-based

readout.

TFR: Feasibility rate.

Approach Effectiveness | FR' IT'
SCA 100% 100% | 13.97 s
ISACNet 92.0% 98.2% | 3.71 ms
CMLP 86.3% 38.4% | 3.23 ms
Vanilla CNN [23] 86.9% 57.3% | 3.76 ms
SA CNN [28] 86.7% 54.6% | 3.94 ms

TFR/ IT: Feasibility rate/ inference time.
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5/ Case Study VII:
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l.

[J]. IEEE Transactions on Vehicular Technology, 2025.

3.
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X. Xie, Y. Lu*, Z. Ding. Graph neural network enabled pinching antennas [J]. IEEE Wireless Communications Letters, 2025.
2. C.He,Y.Lu*, W. Chen, B. A1, D. Niyato, K.-K. Wong. Graph neural network enabled fluid antenna systems: A two-stage approach

Q. Wang, Y. Lu*, W. Chen, B. Ai, Z. Zhong, D. Niyato. GNN-enabled optimization of placement and transmission design for UAV
communications [J]. IEEE Transactions on Vehicular Technology, 2024.
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