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Model: £(N) = —0.241 + (#29100)0.144
Dataset: £(D) = 0.198 + (12111)190 )0-692

Model: £(N,a) = —0.022c — 0.225 + (720082£485392410.1052+0.076
Dataset: £(D, o) = —0.359 + 0.429 + (74246a51164312)—0.100a+0.758

Model: £L(N, 8) = —1.3113°°47 + 1.303 + (73030,81';1+365297)0.460/8—0.245_0.051
Dataset: £(D, ) = 0.2263°258 — 0.350 + (3649350.31;

Classical Scaling Law

a-Dependent Scaling Law

(-Dependent Scaling Law +1083745 )1.003ﬁ“'049—0.493

Model: £(N, a, 3) = 0.012a — 1.6623°036 4 1.641 4 (208181a+751905" 12+216948)"1

(€1:0.1020440.5183—0.203 _0.170)

Dataset: £(D, o, ) = —0.344a + 0.2773%227 — (0,185 - M2038350g 1743057 71 964826)°2

\ D(ez:—('l.,098cx+1.737,@0-03"—1.166)

Wireless Scaling Law (Ours)

\ >
n = o . = . . - . , A f Illﬁ &
WM OwH E , Wireless Scaling Law o0 £(N, D, «, 3) = Luin(a, 3) +! NT(EO(“_;},) + Do — 1

[3] Ziheng Liu, Jiayi Zhang, et . al , AnScal i ng L awrod AAAIL 2026r ge Wi rel ess Model s,



25 WM OWHEY ¥ Vv, ®

Wireless ScalingLaw | €4 ScalingLaw v A | N

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

0.8

e
o

0.7 081

0.6

o
o

0.6
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




—_—
o co o
o o o

Prediction Accuracy (%)
LN
o

20

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

Heterogeneity? Granularity? -~

© IRV @' ANAUTHE E

’ v =SVWH

- - Y # 32.32%
c c
(4] ©
O 2
£ =
(@)} o

7 7 - .

“=» ANCt VHE ¢
. n =V WH
o Y # 28.83%

Model Size Dataset Size Model Size Dataset Size

V@4 \ireless ScalinglLaw [ Granularity-Dependent Scaling Law
" Heterogeneity-Dependent Scaling Law

Classical Scaling Law




26 OMOWHE"! r By a MM+ y 4y

a-Dependent Scaling Law B-Dependent Scaling Law

Wireless Scaling Law (Ours)

W
30 Model-Dominant Model-Dominant
K
25 Vv
m‘ m‘ !IQ
220 Fy ‘
© ] © Ib
= Model-Dominant =
c 15 [
© ©
G G 4
10 O
Q
5
s
0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.2 0.3 0.4 0.5 0.6 0.7
(a) Heterogeneity a (b) Heterogeneity a N LOS (c) Heterogeneity a

0 %1 N @ qyYRY' X + ARQHAuvyYesy-AOyRA " ht 4 A Q
MA® = NWwn wp® Q Yrp T En AA vY N /Ey
U0 TKi 98 HJIMQQEY VWwy OT®y! KK " NOQQE: . v 8

T lzsg OW3IOT I an LW T RQ




Ge “YM

I
. a4y’ ®oKv 4 E. 0P

V.




't 2 BINAZ Vv

T F 1 0
g

G QQe A
1A/ OdA:>11QQA OA

Q= N\
\' A

>100ms

Q

N J/

N

Y —————— _________

’

1

1

1

]

1

1

1

| .
1 datasets with large-scale data
1

1

1

1

1

1

|

1

1

\

-~
:—"

e e e e e

Prellmlnarles (LAM4Com):
Data Preprocessing

-~

. il

ot Ayttt -~

i lightweight f train aw D)

! models datasets ¥ :

1 | 1

1 - 1

i bs_aygsna_n synthetlc - :

| optimization datasets 1

[ — J

[}

/~ W neighbors

ng A federated
—>, distillation

dataset
distillation

N

| |

1

b

1

. |

private model training Y ¥ !

local loss :

—> Lyapunov |

: multi-agent inputs WI cooperation “ :
. masked patches ’

N mmEmm - —————

Foundatlon Framework of MaLAM4Com N

Downstream Task
Testing Datasets

Frozen Pretrained
MaLAM4Com

low-dimensional
embeddings

fine-tune various

[downstream tasks

few-shot

learning :

Downstream Inference

N oH»® NuowODP

17




31 G4y’ ®vO0

N419aws” ouvN406T xYrmy P v A1 a " _ThX?z ¥ ~ pZ71 G
I %I K4y d AA° ®>4y S AP

[ omEEOOD o - 1 i SR S
DEEE DD o\< — —— |
e il fE&Efhit
+ @ 2 e //1
» SISEENE » 0. L0 B K P
BETEN WOREH  SEEEH TR IR O/ A _ - ((K)) SR H
D0 (O [kl ® O o | N -
228 et P i I Y=
TERGH | s ~\_*‘ a ey l
8 © HHEER e |
- §‘ \ﬁfﬁ © AvsEm ' b o
{ Ooooo@Ea - © MEEEDE L A .. EBES




( ) -41.0

amplitude amplification (a) Isometric RoPE (b) Hologrziphlc RoPE % Backbone SGCS R 759
P cosf) —sinf cosf) —sinf@ - W RoPEID (high) 0.9919 50% high-heads
A0 HE) T . R(ﬁ):( 0 9) e, H(H,k)za’”“”( 0 9) = -40.5 W RoPE3D (high) 0.9914 Af’/ £
y N sin cos P ~ sin CcOS g - o .-
v N b SN\ S H (k) “ N = W RoPE2D (high) 0.9925 25%,
= _ o (=) (=) M _40.0 - ® w/AHRAvI (average) |0.9935 A |
= ! A =~ ® ® w/AHRAVI & HoloRoPE| 0.9944 094, - o+ hybrid-
Hﬂf]}ﬁtﬂd{? attenuation unifary :' : >~ g 395 A W/ AHRAvV2 (semantic) 099:6 ‘ " .’ A resolution
(COSH _ SinH) ',‘ ',' n()n_""if(”]a g - A wWAHRAv2 & HoloRoPE | 0.9956 ’.A ‘
H(k) | ~ \sinf cosd ',."k”:emm(coso - sinO)k § 390 - e ./' P
i semantic pooling (v Radl \ ]
= k] [hfoce?®  tmmaalines sin@ cosd 1 E . better fits UL A ./ o M RoHE2D, high
\. J o -Jo.
N
s = P ® RoPEIN&3D, high
(¢) Spatial Semantic Shift Induces from geometric centers (@ & @) to semantic anchors (%) E -38.0 R".PEZD’ oW —@ 1
Uncertainty-Aware Holographic Alignment ;/'* : 2 0.0 B RoPEID&3D, low e 100%; high-heads
T [} - .
vee ven i T y * i 030 055 080 085 090 095 1.00 1.05 1.10
! : A0 -3 Complexity (GFLOPs)
L CDO e | L e
E ... E “ . ... . =) | Hk) Ly H(k) L|HK) Y H(k) T
1
: L
see =t see L--L-- decoupled asymmetric positional alignment
1
NoPE ! RoPE !
query-invariant (non-downsampling, Isometric) ! L — = ? !
key-adaptive (downsampling, Holographic) ] i - T




( ) i ) -41.0
. . - . . Backbone SGOS A 759
all heads majority of W RoPEID (higlh
gh) 0.9939 0 high-heads
aud ; LB e e -40.5 W RoPE3D (high)  |0.99)4 50{ s
. n narrow ' _ . . W RoPE2D (high) 0.9915 25%,+
- . - - receptive field i . . - -40.0 ® w/AHRAvI (average) | 0.9935 ~ A 7‘ ,A
k : i . ® w/AHRAvI & HoloRoPE|0.9944 0% ," 2+ ,° hvbrid.
high-resolution query high-resolution key ) 7z @ 1yorid-
\ J 395 AW/ AHRAV2 (semantic) |0.9946 A& - d ’A resolution
(a) Vanilla Multi-Head Attention 1 -7 A wWAHRAv2 & HoloRoPE | 0.9958 ®
K

(a) (b) (a)

®
- __.)
-—9
\
1
|
i
I
!
!
/
7
/
i ._\
- ——--0

’
-39.0 b ling (v2) ® 7
semantic pooling (v Rl U )

better fits ULA ’ 7 W RoPE2D, high
-38.5 O %

1 1 1 1
- " ~ ’ global receptive field

all heads . . . . . single head - -
4%
broad - n ‘
— EF

high-resolution query low-resolution key high-resolution query low-resolution key
S > -

(b) Spatial Reduction Attention (c) Asymmetric Hybrid-Resolution Attention

RoPEID&3D, high
-38.0 R0.PE2D, low g - @ -

Normalized Mean Square Error (dB)

0, s .
B RoPEID&3D, low Ll TS Tl

-30.0

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

1 0T HAMAMEr OW o ¢
H) oaA4 | v P
[4] Ziheng Liu, Jiayi Zhang, Bokai Xu, Chen Zhang, et . al , N B e yAgnostic UargeoWireléss vy :
Model s, 0 under revi ew, 2026.




~ T

[: X" X
Source 4>[ Encoder ]—)[ Decoder ]—>

(a) Lossy Source Coding.

NoD¥3a4 A %%n

0 3|fosDoE * 4 “ 0543 X
Udvo, “ o3BT a3A 1.
Hi ~ oA Hi OP W 0O

0" Vo_ “ oWz el BIQ D

Xn Decoder }—:
| Source I—p‘ Encoder Xl
Decoder
(b) Successive Refinement. ]_XE
A Kt A K

kA i La ¢ j a3y Gy

dH” VDWi 4 yrPJP
afc@s ymuéd e B A T

lim Eld(X"™, gn(fn(X™)))] < D.
¢ 0 Allh 8y

R(D)= min I(X; X).
2 (X|X):E[d(z,2)] <D




A!l [ .

. Vs N "
uP |1 mo© ¢ O0OP .
. \ r--n w v o 5 = I R““dc’ml"\? Pruned # Train I Pruned
(K] . . initialized ‘ 3 r from . , (a) Pruning before training pipeline
U0 — i 'R I - 0BJ; N b J1 N HY Qv nitalized | =in- Y
. A ~ (TN
“n [3 7 ~ [) [3 J i Randomly ;
Uk 1 Qo N’ n A3, "1 a\NAE"’ X e
network H
" - T LS F (b) Pruning during training pipeline
¢ (2 Train
~ , i fom Pruned
U m 0. €u AAJdN¥el AO0" " NI HMW3 2 —
Fine-tune
) u Q . K]
i i 2 i 3) Train [ )
O r--mer I | Randomly | Pretrained | LTeen | Pruned from | Pruned |
. . | initialized Pre-train uned Prune& Train | nec { |
n > y QB‘]_] Y (L) Z O | network } network o i network st:;::f,:/e { network |
- [y \ - . SN s S N
() Pruning after training pipeline
H Filter1 - Filter2 Filter3 | ' . ’ e ’
| . - MQL Qvs Me L Q
! 0.22 [-0.31 | 0.05 -0.08 | 0.01 | -0.06 -0.41| 056 | 1.13
:
4 |[|-001 1.23 | 0.92 1.23 | 0.05 | 0.17 -0.77 | -0.92 | 0.03
‘: 1.07 | -0.01 | 1.08 0.74 | -1.29 | 0.83 0.03 | 0.28 | 0.04 174 ’ Y
| - H'H Mer Qe Hme QY y
, ‘ 1 "+ 3
1 1 \‘
0.22 | -0.31| 0.05 1 1 0 0.22 | -0.31 0 LA o
rue 4 M Mut D
-0.01| 1.23 | 0.92 0 1 1 0 | 123|092 o
1.07 | -0.01 | 1.08 1 0 1 1.07 (1] 1.08 _4 " I u 4
Filterl Masks Pruning result L L
~ . © o A 5 - o r
K AbBIlY 0Y wWYT KO vovav wyrT




3344° ® ao4uyct Qu AE 4 y

0 €410 Qox AHQEY awzADI | “ ¢ ]
i U,YH, o P g v P Y
IR TE q G 14y

K AL W3 K T
%ot A" T AT

TANAUTAE T O

F(X:g) = g0 (g(c—l)g ( @y (g(l)j‘()))

‘Y4 ., s O
X X L
sup [ Z(X,g)-Z(X. &)1 <> (Ig”-&“ L[] lle™ 1)
Xl <1 =1 k+#l

OAVIApY 2p

. A
falg) = N*D*(q) + (1 - \*D*) e Aal,

0B
t 4 — Gaus
y u- l - — Lap.
=200
g
1001
0 —0.010 —0.005 0.000 0.005 0.010
Norm. Weights
"EAEH, Ul 0 2 N
Q30  EA'EH, U=" oW e @&’
"0 A
—In(AD), 0<D<1/A
R(p) = [ ~mOD), 0<D <1/
0, D >1/\




Downstream Task
e S S ~ Testing Datasets

p N Data Preprocessing R ' ST TTmo———---——---- ~
AN A b -—>[Unlearmng Private Data
5 >

|
I
Lossy g I
b‘ r-"."_'. A
V ’ | Compressor “-Xf,_l:

—— -
L é,."'-\‘

-;, ..-: ]
- . "
- -
- - ey
. iy e H
‘.'-h"l i', "
s # ®

"
b Tk Y

e low-dimensional

embeddlngs
fine-tune various
downstream tasks v

v, i T
; L %o o’ :". .p' ."'1“‘:'2
A’L A’L ‘ ‘ L i

“' . ,;-‘ . .‘:-‘- .:: .t: .-' . :"‘ -*' fEW'Shot
H ;a :2_.' IR AR I learning

-

)

Stage 1: Upstream training Stage 2: Downstream
Inference

[5] Bokai Xu, Jiayi Zhang, Ziheng Liu, Chen Zhand)errick Wing KwanNg and Bo Ai , -SiddI&ACaModeks A Jeaire and e
Li ght we i g h subndteed taEEE TCOOM,2026.



3344° ® do4yLt QUr¥uv1Q. &

U'YOAN'H j €4143Ms P'H | N

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

b= b=
o~ =%
D
—&—ResNet-20 i - —A— ResNet-20 TeL .k
—&—Tensor Decomposition =~ —&— Tensor Decomposition e
MUSIC - - -CRB 1
- - -CRB
10-4 1 L I I o 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.

UY H 4y~ €413Ms P'H oA




~
€

3344 @ aoc4uyuLt Q¥ v1 Q)  ®

L

4 97.5
U X 97.01
>
Y -4: § . . - - - - -
o 902 TABLE III: Sensing Loss of Selected Methods for Summarized Pruning Ratios.
M
T 29609 Method Pruning Ratio
V°V 85.51 I 10.00% 19.00% 27.10% 40.95% 52.17% 61.25% 68.61% 79.41% 89.05% 96.23% 99 48 %
0.b2 (I04 0.b6 0.68 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 (xlOG) LAMP 0.000307 0.000307 0.000307 0.00031 0.000322 0.000386 0.000479 0.001586 0.02428 0.1230 0.386148
Frik (0001 B9 () 000 B9 () 000 | 89 0 00019 (.000193 0000213 O O00283 0001157 0 016769 01123 () 3724
(a) Mpdel sparsity. 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
|
0.31 | = baseline
N . .
O " | w Pruning Algorithm
w
So0.21 I
T oe
Y- : .
4 (7 4 14 ™
. a8 ' UY vt QH A¢z
W 2 :
0.01 ! \ ! . !
0.02 0.04 0.06 0.08 0.10
Iterations (x10°)
(b) Model sensing loss.




W
N
IN
=
Q
Q
Fok!
N
e
!
U
@)

I L

; Overthinking e ‘When More is Less H Safety Risks
‘What is the answer of 1 plus 2? : : i = % @ u N ~, a
H : H : =% : () ]| N V
%/—) S P 2 = auv P 0] W e
» X g P * ‘ , v . -
H g .. Lengthy CoT 1A s wn VY
?k!ay, sol rlet;z to figure osut what 1 plus 2 is. ... : g g e : S —[ I a I l h N Q) a O, l l X
G 12 DAL (0 G oo : Alleviate resource constraints : ~ ¢
Alternatively. ... 3. : ”
wait ... {High efficiency 4{ ... I l u
So th be 3. (619 tokens) : : ops/step E
o the answer must be 3. tokens H H . i H H
. s %, For CoT length, longer is not always better ¢ : Lower costs iy

lightweight
models

-
\ Downstream Task
a train raw 1 Testing Datasets
~ 1 1
~ datasets ¥ P -~
i
1
1
1
1

|
I
NN /

i ) _ ! Frozen Pretrained ]
; il bayesian synthetic = i MaLAM4Com '
1 [ optimization datasets ! v :
: 1 ! \_ "JI' 1| low-dimensional 1 ..
| " dataset == - -—- -—-—--—--— - =-— -~ P embeddings ] w /1
| datasets with large-scale data | ! distillation IS = > A ¥ ! fine-tawe various [ ] u 3 ﬂ
! P Kgx_} A\J_ec:g"ratt_ed i ! downstream tas@’ ] . . ran O r e r T
! P istillation 1 1 u (I)LIJT Sf Ill
! [ Fw_ +. ! .. >
: ‘ “ 1 ' private model training y ! ; R . J i L =
| [ I { . . -
: datasets with small-scale data ! : - Kgx_’ | Ly:)::':::’ss i i -‘ Eee:r:::;t i u Z P “ D ll-l |_)
b /1 multi-agent inputs with : : 5 : = ~

o \ «ed patch cooperation Y,
masked patches
Preliminaries (LAM4Com):  *~--22-- Paenes  TTTo oo —-——..

Data Preprocessing Foundation Framework of MaLAM4Com

UaoP @

~

c:




344U a o H
2094 206
$0.93 | I3,

o i i o041
% 0.92 | Viable Region % 0
£ 091} X 702
[ Non-Viable Region s
0.9 : :
1 10 100
- (a) Size of embeddings (5%)

¥ o5 09 | *
& @03
% 0.85 Non- | g
= Viable Region  Viable | = 0.

2 08 Resion | &
S) egion | 3
? 0.75 7 0.1
o x =
0.7 : :
| 10 100

[1] Ziheng Liu, Jiayi Zhang, Yiyang Zhu, Enyu Shi, Bokai Xu, Dusit Niyato,

Lar ge

(¢) Size of embeddings (0.5%)

. Viable Region

Non-Viable Region |

1

10 100
(b) Size of embeddings (5%)

[\

~ Viable Region

Non-Viable Region |

10 100

|
(d) Size of embeddings (0.5%)
Shi

\'4

U N9 & W3 BiHA

| o

v nti!
T 085z U

HA 96.88%

A

n

n
‘f n
nﬁ

A 7

e i

J)y)

| 9 aW30

U E W p=2D/s
U~ yoPa =1p
Dx 3 O HGHF
px F ¥ token” = Q
sX YsA token @i y
Jin, and Bo -Agent CdopdrativeA M 4

VEEE JISAE wlis 44 G 28880903, 2026t | ons, O

Al Model s f or



Ge “YM

V.H3" 4 EoK=-Px _ tX




nN419aws " x AHy bH3IHy  a N Y Jlanj 1T W T
b %l x EH 0 PH =" YH s AP pa |3 W3

PJwM “YAYTIi P f
GAM1Y M H ¢ A0
M4 U Y YEa [ " H1t X
. EH
3 a j ¥ o 3 €
ag411 QO EP Y B




e

[6] Jiayao YangJiayi Zhang, Bokai Xu, Jiakang Zheng, Zhilong Liu, Ziheng Liu, Dusit Niyato, Mé&ouane Debbah, Zhu Han, and Bo A,
A WhiBtox Al for Wireless Communicat i ons IEEEPNeiworl; 20p6lL e s |, Architect



19 yiTie4 Jor- MR QQuEipd ° > J _pas ~ & A

Uwnp3zUA M UGUX3U P Ho AWz @ Ve Vv mpéUA

0onynapj wo 0@ "WgE: ~ VYL irpl T/ 06
U_a M =2&M U0 mwW3s Moé @ M &




4.2 EH o3 A j ¢ U

A wé& 1Qet "I Wp " Z A :}ﬂ owU3zUAa 0
minIB(X, Y; Z) = ~1(Z;Y) + BI(X; Z) J

AINZY)X ZAY 9 W27 %o Y B8z U

AIX;Z)x Z3 D W'z R XBBi3 U

Av Qi e A4 Vs 1 7

1(2;Y)

H“\\WSH S)/_ J-l_-[

IB limit
— — — - Finite sample bound
——o— DNN Iayers

>

I1(X; 2)
h sy = A3 B rpT Tmpd _ @

ﬁ overfitting

optimal

U0 o6 :eSwnp &1 9/¥WsA
W

c

(0]

Q\
(D

OX' & | WA

(D’

vRT T




SA 7~

4.2 EH oF f3 dQ vH3 EEO

P Cy 6
I~ f160A0 ( fa (VGIB)P o

K\PdYbyU » Al.IJ 3 6§ﬂ/1.D‘T!Ab‘E
eed:f3 A (GIB)sn a3 J_3UQ

min IB(x,y;2z') £ —1I(y;z") + BI(x; z") min  VGIB(Dy,y;z,) £ —1(y;zy) + S1(Dy; zy)
z! P(z!l|Dy)ey
\ 8 0 f3 4d (EGIB)c
X y \) e y /‘
¥ // 4:1-'::\ B / ----- A) (3
2 > enhance hidden D, 3 D 3 :.O.B.‘].:O 8 \J —
representations _
A, A, - A.n
o - r==-" ©w
'OBJ:
(a) Vertex-Graph (b) Edge-Graph VG I B" =" "3 U Qz
Information Bottleneck Information Bottleneck
optimal information: minimal sufficient information min EGIB (Dej y: Zi) é —I(y Zi_’,) + SI(De Z_;L)
irrelevant information + redundant information P(z!|D.)€e

[7] Ziheng Liu, Jiayi Zhang, Yiyang Zhu,EnyuS h i , and Bo Ai, ARobust Multidi mensi onal
Wireless Communications With Edggr ap h | nf or ma tIBEEB TSP, Bah 73, dp.268&0R, 2025.



