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2.5 TEREERNBRSH

Wireless Scaling Law5{&%tScaling LawhTHEEXTLE

—®- Ground-Truth —§— Wireless Scaling Law (Ours) B-Dependent Scaling Law a-Dependent Scaling Law Classical Scaling Law

0.8

0.7- 0-81 FHins
Mgl

e
o

o
o

0.5+

e
i

0.4
0.4+

0.3

e
[N}

0.2 0.2

Test Loss (Downstream)

‘ ; + 0.17 ; ; ; :
107 108 10° 107 108 10° 107 108 10° 107 108 10°
(a) Model Size (Setting 1) (b) Dataset Size (Setting 1) (c) Model Size (Setting 2) (d) Dataset Size (Setting 2)

(1) LoS-Rich Setting: Sparse Rural Environment

1.0

o
o

0.8
0.7 1

o
o

0.6
0.5+

e
=

0.4
0.3

ot
[N)

0.2

Test Loss (Downstream)

; ; ) ‘ 0.1+ ; ; ;
107 108 10° 10’ 108 10’ 108 10° 10’/ 108 10°
(a) Model Size (Setting 1) (b) Dataset Size (Setting 1) (c) Model Size (Setting 2) (d) Dataset Size (Setting 2)
(2) NLoS-Rich Setting: Dense Urban Environment

13




2.5 TEREERNBRSH

Wireless Scaling Law5{&%tScaling LawhTHEEXTLE

Sparse Rural Setting (LoS-Rich) Dense Urban Setting (NLoS-Rich)

\ p [ g I u G anUIa Ity "
00 y/ o

tHELEEBTERR,
y (EINEERE

7
’ & T BET32.32%

©
C)

B -

L ’ - SEN G- . EHEEEEE,

2 y RS E
20 - e J 28.83%

Model Size Dataset Size Model Size Dataset Size

V@4 Wireless ScalingLaw [ Granularity-Dependent Scaling Law

Classical Scaling Law Heterogeneity-Dependent Scaling Law




2.6 THREERNEL: MMURZGTTE ERE?

a-Dependent Scaling Law

B-Dependent Scaling Law Wireless Scaling Law (Ours)

w
o
w
o
w
o

Model-Dominant Model-Dominant

[\
[9;]
M
[9;]
\V]
wu

N
o
N
o
N
o

Model-Dominant

=
Sy

Granularity g
=
wn

Granularity B
Granularity B
[
u

=
o

=

o

10

(8]

9]

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.2 0.3 0.4
(a) Heterogeneity a

0.5 0.6 0.7 0.8 . . 0.4 0.5 0.6
(b) Heterogeneity a N LOS (c) Heterogeneity a

Agitiagia X BRIRENAITEE R b —5siie] RIS ZE
> B5%, iTRERNRRT REE aﬂlﬁ?fFﬂEEEl—/\ ERY “1RE-EE" LUBIRRE, e —hEEE

EFREIEIMAEDSERRRE. XEREMALT I EER "HEELH”

> HUR, XFMKEREIIEERERY ¥if!=|ur" JUESIR:, (BT RANEEIENSRISHEE,
BEtR A REERREL RS, MAEIIMEINETEE




iLIRIEN

.

1.

. SMREERS: NSYRRE SR
V.

V.



3.1 BHHRBISRIERI 21
(R SR RIS EABENETAER

Hif: EXIURESHINTEE, FESRN {&FFH: TEREEE. SEETT. KRB E

Ellll

EUET, P SR RIS (= &EEEY_ ENRTTRRR

22> Buh > O > miREHEH O > TR >IR(E] e () -
L~ : | | I[/—-/ “

P
Q <1 ms

am D o :
! ~® "'s e @ >w00ms

(Input Pretraining Datasets] ":,-'-_-_' ST Ty L ____ A==
\

(e.g., Los Angeles) lightweight
models

Downstream Task
Testing Datasets

i ————

I
Frozen Pretrained
MaLAM4Com
low-dimensiona
embeddings

|

1

|

|

|

1

1

f ne-tune variou 1

dw stre mt k ;

- |

P R !

o Lo s 0 "%, _'. 1

R s T __,_; :

7 T, . 1
: % e, X L

Y —————— ________‘

'

= i

- . ' optimization t
| e ‘ h

< .-.'-‘.f"
R e dataset
: datasets with large- distillation
' e
1
1
1

- rivate model training
'—l—

1
.\dt sets with small-scale data mltgtptsw
""""""""" ked patch
Preliminaries (LAM4Com) v, _Masked patches
Data Preprocessing Foundation Framework of MaLAM4Com —l
Downstream Inference

Bir: SEMERREREEEE



3.1 SMREBIRLR S

Tt B RBP4 S e MNES ERIERIBRAEE, MG SEMANNRERE SMNARIKSE
FE, FEMEEBUEA, MNERIGFERSNE =" 2RI SRR
=) (SR FC L E EEIREY
<> ( OEEEOE 1 . Mt
((;A:))gtﬁg . D-I-D o ‘ ﬁiﬁ)\ x il st
P " STERNE l > ] | 4 e
@‘ z"s;;g;: B ::;gb SIEA O(f/ \h[ | / : = ., N BERA

SRR eSS /’CE | EERGA ’ s “\»( O =R l
?Eﬁi%’l‘izzr.lﬂr' 1S RSN SR— KRN FISIE IS ER
iVl E{Eimﬂi#ﬁr' ERSHUR A TUR
tHRIE PR FTH REKIEMILEEE LIRS bt
. B\ S » . FEFREEY » . @HEY
Z REGIER FXHESIEEIE R RIEIBNRAE
(KBRS + RIGEET) (REHEER) (lfgeSiE5,. SiH=)




3.2 IREISWMA : SERAINERAMEREN

LR

MAGRE. FHERERSEDHENTTRSR—?

amplitude amplification (a) Isometric RoPE
A 1wt . R@®
/l \\ :
=< =~ X o
(=]
(=]
amplitude attenuation >
Hk) | k :(

&= &||

B cost
"~ \sin¢

sind

- sin 9)
cost

unitary

cost —sinf E
b

cost %

(b) Holographic RoPE

&

A

.

H(8,k)=e""

kS (=)
(=]

PR S

)
)
.

||| oc e™®

.
.
.

. s
- kfr:emm(

cosf) —sinf
sinf  cos@

non-unitary

cosf

cosf —sin O)k
sind

|

J

e

(¢) Spatial Semantic Shift Induces
Uncertainty-Aware Holographic Alignment

query-invariant (non-downsampling, Isometric)

: |
: HE) 1 :
: : * i
1 "JT == e e == T~ TTw----"
L (e i L e KN
R (G ECHEOR gl LU
H !
- —i— -- decoupled asymmetric positional alignment
' NoPE ! RoPE !
I
m )

key-adaptive (downsampling, Holographic)

from geometric centers (@ & @) to semantic anchors (%) #\

Normalized Mean Square Error (dB)

410 Backbone SGCS 759
W RoPEID (high) 0.9919 50% A high-heads
-40.5 W RoPE3D (high) 0.9914 A7
W RoPE2D (high) 0.9925 2500/- )
-40.0 ® w/AHRAvI (average) 0.9935 A I’ y |
® w/AHRAv1 & HoloRoPE| 0.9944 094, o~ hybrid-
A w/AHRAV2 (semantic) 0.9946 A . A resolution
-39.5 | A W/ AHRAv2 & HoloRoPE|0.9956 o
o W
-39.0 ’ Jle
semantic pooling (v2) ,. A J
better fits ULO P e M RoHE2D, high
-38.5 O
PEIN& 3D, high
38.0 . RoPE2D,low g —® R; i
O .
EEES—TT1] -
B RoPEID&3D, low 6 high-heads
-30.0
0.30 0.55 0.80 0.85 090 0.95 1.00 1.05 1.10

Complexity (GFLOPs)

EIESERET

AR EIRAE

2REUERBEESRESISE, SEREREEIIES

LEbE




3.2 RIS SERAINERAERENH

A3

% r
3

-

{

all heads

— | | | |

e
‘B
-

=%
|l
NE
. . - - receptive field i . .-

high-resolution query
.

high-resolution key

(a) Vanilla Multi-Head Attention J
(a) — () (a)

|
)
®
\
1
|
I
I
!
!
/
7
/
- —.-0

= = all heads . .
n ‘ broad
. - receptive field

low-resolution key

high-resolution query
,

(1L

(b) Spatial Reduction Attention

.

majority of
heads

’ global receptive field

aEEEes et -.

high-resolution query

low-resolution key

J

(c) Asymmetric Hybrid-Resolution Attention

SR ERIBIEIRSRERATZX,

SLIMSHGEIRS

TS

- Z 1 = =

\ -~ - - U
a 410 Backbone SG(OS
= A 75%
— W RoPEID (]ﬂgh} 0.9939 50% l’fgl] he(l(]s
= -40.5 B RoPE3D (high) 0.99 {4 A
= W RoPE2D (high) 0.9935 250/
= _40.0 ® w/AHRAvI (average) | 0.9935 A’ 7‘ ,A
2 ® w/AHRAv1 & HoloRoPE| 0.9944 0% " ‘ hybrid-
g AW/ AHRAvV?2 (semantic) | 0.9946 A resolution
= -39.5 - A wAHRAv2 & HoloRoPE | 0.9935
® K J A
g -390 ‘
S Y ] ] ® ./ .

semantic pooling (v2) / R )

= better fits ULA a A 7 W RoPE2D, high
E -38.5 O . ,.
E 380 Ro.PE2D, low| g = ‘ R;PEID&.?D, high
= |
Z 100 .. RoPEID&SD, low 1007 high-heads

030 055 0.80 085 090 095 1.00 1.05 1.10
Complexity (GFLOPs)

TS - SR

EiFiE

[4] Ziheng Liu, Jiayi Zhang, Bokai Xu, Chen Zhang, et.al, “Beyond Isometry: Holographic RoPE for Resolution-Agnostic Large Wireless

Models,” under review, 2026.




3.3 MERIEEN: FREHEE
BiRSiRmE
‘ Source Ln»[ Encoder ]—»[ Decoder ]i

(a) Lossy Source Coding.

R IREREE4a R — 1 BirK/

> (SilF: [RIgRY. REESFIRAIRERINEX
> BR: EREREXNEHSHE, B
(£, BPERFFHEAR, EREER

> KH: FIRJERENERERYIRARD

IRBIE AP RXMERINEH TR IR EYE

SIS

»

RERE

Xn Decoder }—:
| Source I—)‘ Encoder Xy
Decoder ]—)

(b) Successive Refinement. X,

MIS—IX, FHSZIX,
MNGE—RVRES R PR L D H AR R EE AR

HEREKE MREERIRICIRIR
E4eSHIRE S RIRNE INERZIE:

Tim E[d(X", g (fn(X")))] < D.
RERHBREIEN :

R(D) = min Z(X; X).
P(X|X):E[d(z,3)] <D




3.3 PILEERIERM: ToREANRIIRBIEIHIHN G
> BISIES: [SSRKEBCH TN AR R

> LB ERIRFRIRESEEN, KRIR(RRIFE=R

> Rk : BERAHEEICS I, EVEFERTN

> FEARR: UEESER, ERERRR), BEXREX
INIERERRAERAK?

Filterl - Filter2 - Filter3 | i i ‘T

, ! | 1 [E£:R:D B3t VS ! 1|22
.22 |-0.31 | 0.05 -0.08 | 0.01 | -0.06 -0.41| 0.56 | 1.13 | |
01| 1.23 | 0.92 123 | 0.05 | 0.17

s -0.01 | 1.08

-0.77 | -0.92 | 0.03 |
:

‘
0.03 | 0.28 | 0.04 | !

0.74 | -129| 0.83

| \ | B e DU T
11°TM“ BB WEESMmIGMSZE, &%

L -0.31| 0.05
- 1.23 | 0.92 O

d -0.01 | 1.08

0 1 1 0 1.23 | 0.92

Unpruned Network Pruned Network
EI0E EE| R
1 (=72 )Y

AN N A4 \W v
C ) € ) ) )
Filterl Pruning result

METiEENAERE MR ETSBRERE

1 0 1




3.3 M4

Y AR

IRBIB RS FIRE

> (R N— 1 BNEEREHR,
SEXEHIEEXR,

> FETETJ- =:

TS RE BirEG =R

RIE AR ERERD
RENERERRN "BR" 118,
NERERR{HIFE RitRE

T S TR

F(X:g) = g0 (g(c—l)g ( @y (g(l)j‘()))

iRBEH ER

sup |7 (X, g)—-Z(X,8)|1 < Z (g™ -

IX[1<1

RfEL B R T

IENMCIN E R E R &Y

Wt.
—— Gaus
— Lap.

—0.010 —0.005 0.000 0.005 0.010
Norm. Weights

B SRERS R EHRITIE

IREERNEMNENIISHIIREESZ, 52
c RREHE
g(l)HlH ||g(k)||1)_ R(D) — —In(AD), 0<D<1/A
=1 k+#l \ 0, D >1/A.
fala) = ND%(q) + (1 - N?D?) el




3.3 MERIEEN: REERMNEERT
R

Downstream Task
B e et Lt e e Lt Ll ~ Testing Datasets

4 Data Preprocessing VT T s e mmm— ~
' N /+\ v \
>

[ 11 I
| [ [T B |
v g -V Lossy e O —>‘ Unlearning Private Data I
: ’Xf, L/ Compressor “Xf: : :
I DAL OEBCVAAER Il P low-dimensional |
' embeddlngs :
fine-tune various :
/ downstream tasks '
| V :
I i T, eh,
| M X \ v AR |
I . o, g2 Tgie S
: N@L { . o i A e fewsshot |
! H H w ' B - ',-.:_'_':. 13_. learning |
\ : ., w— :
N /
Stage 1: Upstream training Stage 2: Downstream

Inference

[5] Bokai Xu, Jiayi Zhang, Ziheng Liu, Chen Zhang, Derrick Wing Kwan Ng, and Bo Ai, “Towards Device-Side ISAC Model: A Secure and
Lightweight Paradigm,” submitted to IEEE TCOM, 2026.



3.3 MEREEN: RREENIRERS SN

PRI RSERESLIERFEILL

-1 J —A— ResNet-20
—&— Tensor Decomposition

= = )
=4 =4
=~ - D
—&—ResNet-20 i - —A— ResNet-20 TeL .k
—&—Tensor Decomposition = —&— Tensor Decomposition T
MUSIC - - —-CRB
- --CRB
10° . : 1! .
-10 5 0 5 10 15 10 5 0 5 10 15
SNR (dB) SNR. (dB) SNR (dB)

(c) Range estimation.

(a) AoA (AoD) estimation. (b) Velocity estimation.




3.3 MEREEN: RREENIRERS SN

BRENEE EFEE
(L (] Bis=z
RIS E BRI
32
il
*E 97.5
BY 2070/
>
B 7 o5 TABLE III: Sensing Loss of Selected Methods for Summarized Pruning Ratios.
M
R & 96.01 Method Pruning Ratio
E 95.51 I 10.00% 19.00% 27.10% 40.95% 52.17% 61.25% 68.61% 79.41% 89.05% 96.23% 99 48 %
O.bZ (I04 0.b6 O.bS 0. 1 0 Global 0.000184 0.000184 0.000184 0.000184 0.000187 0.000207 0.00028 0.002066 0.040002 0.21300 0413103
|i;erati0n5 (X].OE') LAMP 0.000307 0.000307 0.000307 0.00031 0.000322 0.000386 0.000479 0.001586 0.02428 0.1230 0.386148
Erik () 000 | RO () 000 | RO () 000 | B9 () 00019 (.000]193 (L 000213 (L2283 (001157 () (1 6GT6H (1123 () 324
(a) Mpdel Spd['%lty I Our proposed 0.0000551 0.0000551 0.0000551 0.0000551 0.0000551 0.0000551 0.0000551 0.0000551 0.0000551 0.00388074 0.302918 I
|
0.3 | = baseline
= . w Pruning Algorithm
a |
So2 I
y 31 I
£ |
wv
= - A
,;'F" & ! FriR BB 0 e (RIS RN EEEAZRIE R F
=3 ~E > Be s p [ > =]/ i
& B 1&*%&:596"/
0.02 0.04 0.06 0.08 0.10 =F 2INISZ Y
Iterations (x10°)
(b) Model sensing loss.




3.4 FEGHEN: SMEERMEAIEIEHRIR

EIUEENEIR: E8RRE. &
A, IHFE T, LMEEMEE, FiF
(RIz1 TR

AR R B E SRR IR E N EE
BRI DSBERSRR, SENEEE, XL > REEASRIS Sy

REVITHEBIINER, BUBERELSRI TR > HIRFERIR .
mimmiemimmmimnooieeceololoo _ > Auto-regression decoding#fl#l

['“P”t Pret’ain!i:g Dlatasetsj : Pgiiitiiiinisiiyieieieisiaisiuiuiaisinininiuiuiuininiuiuiuiiuiuh iy \ Downstream Task
(e.g., Los Angeles) i ! lightweight e train raw | A\ Testing Datasets
1
U | 2 . i: models ~ datasets ¥ - N il u .
i CLS K _ vl rozen Pretraine! , / }
[ 7 o i al synthetic - H a ol 1
iz: ¢l !
e g ow-dimensiona v 1
P embeddings 1
Vo 1
: 1 fin :

& iy i
i % -] - ~ E—' ' datasets .
LiTm > RS
| datasets with large-scale data = S
z \T f yalz|
> & TransformerZgta
‘ P BT e reweshot | > rF‘%%ﬁﬁ“:
[ i ¥ ing ! —

I\\datasete; with small-scale data /: :\ multi-agent inputs with g Co: elrl:(i):n E VL ..".'2. B ! EE pay
T ST [} ]
Preliminaries (LAM4Com): |~ _T2%€dpaNes | e hot ’ > ﬁ*ﬁ‘tj&ﬁ q50 *@
Data Preprocessing Foundation Framework of MaLAM4Com I - :*

=)

|

]

] m&
|

]

!

1 rivate model trainin:

|




3.4 IREMNEH: XEBENFIIETESER

200.94 | =, | Viable Region | (hEERD
%093 3 * > RBEERENRERITERAT
N~ . . ~ 0.4 “ NP
2092 Yiabl Reglon 2 TiFESS, PIbRKH$596.88%
7 X 7 0.2 | \ = ST
= 0.91 Non-Viable Region = 0 Non-Viable Region > BJEE =2 59151%\@%; ' EF:E*E@FE
0.9 ‘ : : : " o
i 1 10 100 1 10 100 IR EH PR/ )N
m (a) Size of embeddings (5%) (b) Size of embeddings (5%)
% — I = — ' ' 4 P = A 24
- bED 0.9 OED 03} Viable Region ﬁfEk,;*u;EEﬁ%ﬁmEth
g 085 Non- | - > FAEKE p=2D/s
= Viable Region  Viable | 0.2
= Region | £ > ERTIEIEFFE= 1/p
T T 0.1 . ; 1 SN —
= 0.75 * = Non-Viable Region D: _EJEE'\:/H\:E"JTG%
0'71 10 100 1 10 100 p: JuEstokenkdsay
SR == AN Q<=
(c) Size of embeddings (0.5%) (d) Size of embeddings (0.5%) s: B tokenfIKE

[1] Ziheng Liu, Jiayi Zhang, Yiyang Zhu, Enyu Shi, Bokai Xu, Dusit Niyato, Shi Jin, and Bo Ai, “MaLAM4Com: Multi-Agent Cooperative

Large Al Models for Wireless Communications,” IEEE JSAC, vol. 44, pp. 2889-2903, 2026.



iLIRIEN

.

1.

1.

IV. RJ{EEEERIE: MIDIEFIRE)ZRTR
V.



4.1 RJ(GIEE AV ETE

TSR PEERE N ERERI A AP EIF, TSR, ERa SRS TS
i, BENREAIRE. YRR =1 S EiE S
UM R R R
| IREET - ECZTE | TRRE

A GIRE RO ERREEH @ =
Z

~ R
J . ..) A 1 FERFF il >
e - _—
>Q> . 2 == , B
(ESHRE RPN e - :
N Bt K wags 2 ©) we

BOFES - V@IS B — BEEETEE RUSEIRAL - 17T

EETUR. REUISAZE) AMEARSEEEE ] SHAREESZ2NG
ERARE, REATFFTE | R ENTER IR FHRIPEHRRSFA
HIREIRGIREENEE | MBS, URE | SSHRTRISIEEZL

. FAECTARER =) 1. HIBCTARER = |l RETs
(ERIRMSRKE FERERFASHIERIEE T2 5IBTAMRIA
(LS FRILE) (BESIEEIRE) (RBEZILARER)




4.1 AJ{EIRBERMENEEE

(ERA (BEER) NIRRT Al (HSRE) Bs

> RZRIRFREN: FITENEN, MR > EIREREIE:

> IHTHERER: REUEEHEA, SERSHERE IRRERACHER, RIS TR EMT I Sl

> ZIEENBIR: EENRENE, SHMEEERE BANBEMEE, SSNEMEREE
> TR

£

FEMAGTET, SRS ERITHE

RARHRE "RE" M

[6] Jiayao Yang, Jiayi Zhang, Bokai Xu, Jiakang Zheng, Zhilong Liu, Ziheng Liu, Dusit Niyato, M&ouane Debbah, Zhu Han, and Bo Ai,
“White-Box Al for Wireless Communications: Principles, Architectures, and Applications,” IEEE Network, 2026.



4.2 FERIERE: (SRS 3RXHE

[ERFREES

A (REERAE
) @\3 / {\‘/
X=fon. . en] €BY X CUE M CRY
KNEERE, XKaEHs SHEURNR R ENEAMRIRTE

> BIVUEERTBRS > MWMERIC SRR R R B S e ST
> IEEESRERTIE > IEFHER T RIS RS (e S e
> VIR TSRS > FER R B A e ET AR




4.2 FIFIERE: (BRRMSERXE
(ERPEE

AP EESR R IEERTR Z
mzin IB(X,Y;Z)=—-1(Z;Y) + BI(X; Z)

- I(ZY): ZFEEXTHIRY BIER

& overfitting

Generalization

\[ gap

1(2;Y)

R Edjﬁ/ﬁi@ﬂiiﬂ%ﬂﬁ%ﬁﬁ%ﬁiﬂ%

~ RIS TR

o I(X;2): ZIRBXTmAXBER / Complexity B limit
ye Jeam N N — — — — - Finite sample bound
« ¥ B NEIN (FATE4E vs FTkEeN) —+— DNN layers
>
I(X; Z)

TEEMEENFR—MEERZ RN SEMRER

optimal > B - FIBIMERAT , FEAESETT
> BB FITHURA, MEEATHES




4.2 FEAJEEE: BEFNEERERIMRERITEFS

FRIES % CEEL

= ; I
i\j'?gﬁwﬁ:ﬁ > ] l\\\.#ﬁzﬁ (VGIB) EBE - Zl ****** é;ﬂﬂﬁvé}t}zki—graph
P — yrazs)| o note e I\ © g .
HAE 13" HISrER? EIRINERS) P T ”&/ NN e Py
e o - fZy) (25) oooeaeoee |
%S BSE#HR3R (GIB) [FIE Ji-:tuﬁm S BEMERIRK \A//, et
enhance hidden
(&) Verex-Graph representations ‘\:l ,'l\

Information Bottleneck

min IB(x,y; ') £ —1(y;z") + BI(x; z") o VGIB(Dy,y;z,) = —I(y;2zy) + BI(Dy; zy)
P(z!| Dy ), e —

. > BE(ERIRER (EGIB): R \”\; -
‘ C N kg

X, y X, yo
/ / BD A—\ Z/24 =
D, p WK W
> ~ enhance hidden e 1% ng:'E j: |\ 1:/3 | / i
| 8 prediction
(@4,

representations X 7 ; Eo
ﬁz;awvcslsammuwacﬂaﬁ @9
' < nf‘ecﬂllﬂunrwe— © —s—n—‘L;ctllre

(b) Edge-Graph
Information Bottleneck

(a) Vertex-Graph
Information Bottleneck
optimal information: minimal sufficient information

(b) Edge-Graph Information Bottleneck

min EGIB(D..y:z.) £ —I(y:z") 4+ BI(D,; 2
P (De.y: z,) (v:z-) + BI( )

redundant information

+

irrelevant information

[7] Ziheng Liu, Jiayi Zhang, Yiyang Zhu, Enyu Shi, and Bo Ai, “Robust Multidimensional Graph Neural Networks for Signal Processing in

Wireless Communications With Edge-Graph Information Bottleneck,” IEEE TSP, vol. 73, pp. 2688-2703, 2025.



4.3 tNIEaIRREE: RERFTSHIEEE

> IR R TERE, HEER

Algorithm Input: x°,u®, H

e % e st s Given: D = (diag(w® o p) + H'H)™* S P H 3 N i
= I ° — =75 - 2 z ., 27 _ _p o PGctpet)  p(x—pet)
> B RANBEENEN, SRS e o SRS P R P
Output: X(0)
S E R P St e o | R — ) It i e
ul=iiijxt—1+ui—1 ul— | Lu_ ; ) ]
N (Y I = T Lon)o (7! !
> SN : SERENE I, WESE || woone EIRN S I [

. Deep Unfolding

...... o | R IREE

\.

L
- llllll LN ( — s
m iy HfaRE) 185548

IEFRARRIEN B
L 2
ES(AWEr s W T

I|ZEN A EfREY

+

7 +

—-
|~

N4

+
nnnnnl
TIIT
1nnni
1nnni

Principled b
algorithms

r

L 2
Platforms fﬁy?ﬁg& Elik?&

.

r1T 3

Deep Learning




4.3 NIERIERE: RERFSIMERHEE

HRRTEICIES PRSI g E A R

FARSEREEAREN "FEEENUS" || § mem: R, BUAHEEH

L5 BRI, BT

> MR A St IRE
SRS > B MEGE, ST
> BT E R St

" HMABEMFINAER, SEERE DT
e
N > BRI BESHN, RIERZEAED

EFANS{ERRBH, BERSEn R

[8] Bokai Xu, Jiayi Zhang, Qingfeng Lin, Huahua Xiao, Yik-Chung Wu, and Bo Ai, “Deep Unfolding Beamforming and Power Control Designs
for Multi-Port Matching Networks,” IEEE TWC, vol. 24, no. 2, pp. 1401-1414, 2025.



4.3 HIRAJRRRE: RERFRIEEILN

AN

> EHIEAWMMSERRRZEE
- g, HEERES. FMEK

Algorithm 1 WMMSE Beamforming Algorithm

Input: CSI between AP m and UE k£ {H,, 1 };
1: Initialize {F,, 1 };
2:  Update auxiliary variables {U3_.} via Eq. (16);
3:  Update auxiliary variables{ W} _} via Eq. (17);
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