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iy 1 BRI AR, A AN LS R AR A iR
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M mAOFDMF 5 A E R IR N, 0 = [2im (0),
Zim (1), -y T (Nf — 1)]T » H o H . (n),n e {0,
1, -, Nt — 1} ZREm N OFDMAF 57 Fin > T #Hk
FHRIES . BIRRE) e {1,2,-, No } BEUT
OFDMIal R RN
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Yim = Gijom F  H{Tim} + 2jm. 1 < j < Ny,
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m=0,1,- N, —1 (1)
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WELATR . Sk b, BAOFDMFF 5 Py B4R K 5
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2810 F O BRFAE Y 1) Transformer s 18 45 11 9 4% ,
FRNAdaFiT, WE2R. 1ZM5%% 55N HH TS
AT Hh R B R R e B R E RS A R

HAKIM S, MSmALEZGLENNY: —RAER
ihr B AL IR LS A T R HUE R HES . —RAE N %

BWHURMEER I ESHE, BEERs. B
TP ra LA S K 2 BNARS £y o 28 0 H O E
BIGAEHEEEERMEH . AdaFiTMZ E3HoN
ML PR R, KON FRFE TR, FFERY
AR HURN PR, F1E HEREFE T
i, Transformermhd & 7B DL L& AE 18 H T
B

(1) FRAE R AE T SCHER[18] e S AL
B A RILSAG T FLS 2 Bl i) B R LS 1 etk 1R Ty
%y ARSURH — PR 73 B0 Z4EZ 1 EORAE DT
B, BN HLS € CNootNootNux Noo S5 1y S
Re {ﬁgs} € RNoxNoxNipxNoy k5 s 9T {ﬁLs}

RNuX NeoxX Nep x Noo - JEAE PR IEIE . HH Vg,
%DNtp/\”U%w@%ﬁfﬁiﬂuﬂﬂﬁmﬁi Nix Al
N o SRR FEROR 2680 . Bt e, 1 B Aitak st
B W € RN N L5 i 35 i 55 5 BE W, € RV N
A3 MRS S AT 20 P oA, AR R e
OFDM M FUEIE T HRE H € R2X Noox NeoxX Nix N
(2)FFAEIE o TR EL . I 2 R 26 JR) (1) 2 ()
FHCPE A G R HORGE R, EHAIAN—NRERS
JEVENRT B AT, 8 SRR A A, B —
MRERX VBN, SZHLTH KL S5 B
ERAFAE AT IE AL A, F I RERIIFE R AR,
B ENR AR H . € RO NN Horh s SN1Tx 1
GREHEES, Cux = 2NiwNixo BEE, F Hopi
SN Z WS 2 SRR H], 13 3] Hgen €
ROusexNeXNe - Hoh Oy A RVRFAE I TE 2 3 —

W Hyon TN S 0 2 RUE BRI DM % 0K
fE, FEASERHN FRAT B = AN F RS2 B 14
X, WHE3x3BIN, IK3Ix 3B 1 G
FHIER A RN A

H,\, = ¢ (BN (H3x3 + Hgjated + H1x1))
c Rcbus(.XNfXNl (4)

HrA, BN () Fnt)H—4k(Batch Normalization,
BN)#AE, o () ANEHTiRZZ M T (Gaussian Error
Linear Unit, GELU)#UG K%L, HESMWEZ RES
FAGE AT BNIRZRAE Haeep o PEIS, 51N 48-T0R)

(Squeeze-and-Excitation, SE)AL, [ i& N A piE
‘ﬁ*iém%weRcb ijXj‘Hdeepiﬁfmij\_ﬁE*]ﬁ
E o MNAUG RHE L 455 Z K R IR G W TE 45 2 )

55 46 /EA%‘ﬁHImXLﬁéH%%@%ﬂ B
LA B H,py, € ROwsx NixNe ?ﬂ)ﬁé}iTransformerTxEE'
PSR ERFE RN -

(3)HRAR AN T A 2 F K R AE 1 5 1
BEH A B 4ERRAE P N 1E B Transformer 48
M FIR R, [RIBR 2 R 2615 B e Ak 5 T
BB RAAE M . 5L Transformer H1 iy 75 [A]
o P AT BRI o 0 5 SNSRI AR B A T
HEAT Ay, FRAEEE 4 B X 5 SR A AT B
LRSS p o1 R s . BARm S, RARS N
3x2MME BN T X Hop 3EATAEE B R 53, KRR B
2 BB R A NA R, HA R a K E
N = NiNy /6o B3R —A R, & miE N K
3x 2R B R K R N6 I &, FEE @ TE 4k
& BT BATHHE, AN R N — AR
H6C mAERFIE A & . %6, BENOFDMB S
A5 L BH BRRFAE /7 91 o € RUVENE/6)X6Cmin

(4)15 18 H & PRHIE R 7B ZFILMAEZ
11552 ) MR AR R FE 27 21 U N I e, AR
AFETFILMP) E &ML . 2B e FH =4
AL 2 AP (Mutil-Layer Perceptron, MLP)
G B IEY R . K2 B
faHAT RN GRS, B3 =AY At E, R
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(c) HFAE3 58 K 15 10 2 TR
2 AdaFiTHIRIZE ) [ T A5tk

=ANFAFREBAT IR, RS 2 4 EIE S
BRI R zena - FEJE, FIHFILMS 8L AR
K Zeona MR 9 28 TR ] [7] iy € ROCms A 7% 7]

B € RSCu, FRIRFHILE" §E, XTRFET 51 Hyoq i3t
TiZIEE 2 M

Hoo=(1+7) @ He + (5)
H Hyy € RIVN/OX6Ch - o FRIRIGIAIGFL. fE B
xX— *IL?I%IJ WX 28 T AR B 24 BT S TE A S, HIE N

FhRE AN [RRFAEETE I N, AT SR THRFE 27 A
[ 45 18 A o S A
(5)Transformergm i % TR H LK FILM
VA TRFIERT 51 Higog BZE ML W, € R(OECuia) X Dioda
oA B W) & b, € ROVING/6)X Duoaa | 15 31] w2 4 KR AIE 7]
X € RN Duoaa ]y YIIRHT NFEAE . H T A5
#HE EE R AL A B A B 2 3R o B N e
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BER, RGN A B wbs, & ATk
NS PE Proy, € RV N XX Duoaa 5 311 i N 22405
M Poy € RY¥DNeax Duoaa - Hooht N, T N o) 3 75 TR
AN SRS R, Dinoaet RANBEIYLESE, Sl
AN 8] 4N B i Pop . PSS, B X EHIN
Niow X Neot ~HERFAEM S, 5 Pop B 76 R AN 5 H
Bt 1FREE AL EE EREF S X . b
)ﬁ, X W Nt L HE 2 1 B Transformer 4 it

o BEAEZ L HER T (Multi-Head Self-At-
tention, MHSA) LI 5 | 15 #f £ X 2% (Feed-For-
ward Network, FFN), AUk EEESEH—
e #RAE . MHSANLSEE AT HH B MAEE 190k
WAIRA R 7R RIFE R . M THUZRERNERET)
Sk, Hfg Tgﬁﬁﬁlﬁix?f%’fﬁﬁ‘ﬁ:

Ap
(x*-'wg + BY) (X 'Wik + B
= softmax
Vi,
(X"'W + BY) (6)

Hrr, XFPRORHIAN WG E B ARE, W,
Wi, Wy € RPwuxds MIBh | B, BY € RIVIN/6)xdx
73 9 B hAS Sk I B A BAE R, dy =
Dinodet/ M AHETRR 1o BT A S Bt # F-15 BB
R RWVN/6)xDucaa -, SR J5 38 1 28 P A2 W, €
R Pumoter Dot A1 iy BLHE By € ROVEN/6)x Dcaa 3347 25
‘Iﬁi& ?ﬂ‘@]%%ﬂf jjﬁtHHMHSA S R(NfN /G)XD"“”‘e'
i e ik A2 IR B A AL

Z = LN(HMHSA + X) (7)

Hon = LN(Z + MLP(2)) 8)

Hrr, LN ()RFEEIH—H(Layer Normalization,
LN), MLP(Z)=4¢(ZW,,+ B;1) W2+ B> >
W, 1 € RPwota x2Duoact FIW, € R2Prmoted X Dwoda [ e
8, B, e ROVN/6)X2Duis 1 B, , € ROVN/6)x Da
TERNRERE, v()RANGELUKE, AXRE
L=6, M=4LAK Dyoqa = 128 L P11 RE 5 24
F&E AR

(6)15 8 BE & TP % g 8850t Hyan €
R NN /6)X Do 2855t W, € R Pmoder X 6 Cix ZRMAS i B
SR By € ROVING/6)X6Cuis 35 JE 1| R R (NeN:/6) X 6l
B Ji5 134T BRI 7 W R AR i H € RCm X NixNe /H
SRR 3G S AR it HL, 38 G 2 AR NS B 4 )
BT Hyova » 3518 1S 2 2 BRI Hyoba 15
ARG TE TR H € R2XNax Nex Nex N

MRS, AdaFiTUL S0 B AL LSTE E 4k

TSN, KGRI MBI FRAE . RS
FEMGGE . ERZF P HIEAL, FIEAMF RS 4Rk
D N AR E R TE AR RE, i B R 5] R
LS ATOULIN 21) 56 A5 T e B2 (] (RS OC R o AR
50K S B AL RSB LS il i LR A 2 e OF-
DMB AR AE, SRAGVIMG(ETE R~ B G RGN
R 3G R A RS R I AR R e S 2 RS R
fE, i P N B — g i SRR AR 3 e o S
Transformer B 7 540K 7R fEILIEAE B, 15
T8 [ 38 N ARFAE R AR AR (S e L . B A A B
K2 B RS S5 A T W B S B e R R A 34T 2% A
VA, 5 X 4% B 68 AR 4 N5 18 Je S0 B0 A TR B R AE
T~: B)o, TransformerZRig st — S EMELR
WK IS O &R, FE {5 E @A E & 5 5 4R
FRAE, i Se B S A 45

3.2 1REN)I%

AdaFiTR A 2o S gk 7 2. gz,
R BRI T [F] — 45K R B R R P R AL
P Al 2R S50 s & kg — S, ST
g, B B GRsig it sl gr . k2
HEM KR AdaFiTHH AR S A6 B AL LS
i HY, EWtls. By R MR K 235 #50
% fao mZ, AT RIEE N RE XN

H= f( 55,8, Tas, fas ) 9)

Heb, f(;0)/0FH0 € RBEAL K AdaFIT M 4% %}
NS pR A, I B ME B R B TR =
(Mean Squared Error, MSE)#AT4b. JIZk HFr

mln { Z ’ } (10)

Hrr, H,FZRNGEIRE T BN AN L SE1E
MR, MACRINGREA S H

AdaFiTk H Adam AL 28 )11 27500%¢, Ao
FEHLHI LAY bR J A . RN 128, WIh
221 N0.001, AR 0 o) R I PR
I F40.995.
3.3 EXESH

NARGAVHE AR TIEMNEIE, KNS EH
ﬁ%%@ﬁﬁﬁ%%ﬁﬁﬁﬁﬁi,%%ﬁom%
REEE R . g R R IR, Hd, NR
Ny 5 %ﬁ%ﬁ%ﬁ%&%%mﬁi,Mﬁ%d¥
BptE, NARELSFT5E.

StFAE G 5, LS-Blinear N nl Il 2548,
HAFHE S 245 F EOoRIE T W MR, EA R
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28 MR T I A B YR 2R I K, N O (N N NeENY) o
LMMSEJ; i 75 B AT 5 7 8k 4k BEAR R Bt 7 22
SEREIE B, HAFENO (NuNWNPN,) s B EER
AL PR 5t P F RIS R . TEIR 2 S 7k
H, AdaFiT. AdaFiT2: 5% H G R G 0 LA
A 5 AdaFortiTrans) £l & K 28 25 (8] 4F 1E 44 i of
FE, HILFETFH N O((NigNex)* NeNy) o 6 38 A5
BB AdaFiTAE 8 ) AR 7 ) Transformer 45 ¥ X 7
HIACRFIESEAT @A, I B = I RIRT s 4% 1 R 2
FEr B NO(S2D)MO(SD?), HhSERHNF I
MK B, DRREA T IG & MR 1E 4
AdaFiTHAAE SR 51N T FILMF H & N1
H L], AR I BN O(Ne Ne ) NeN,) > % 0
TR T AFE R IR 2 AT, M2,
AdaFortiTran4 k4 = B RFAE ) & 5 J7 46 F5 E Bf
¥, MINEEEY RND +Ek, HEFEEIVLEHI S8
{5 % 1 552 2 B 4 IR N O (S2(D + k) i
O (S(D+k)?), SEBRiFEIFATHARLH .
CEERIN I, ZRRE SRR R 4
B BT B 4 2 K A LMMSE 7
%o Hoh, ToHE R AdaFi TR (1) 2500
W5 H I %, AdaFortiTran[RRFiE 44
B AP SAEITE, TAdaFiT G A
BRI IR 445, B REEA AR S S
b, TEPERES B 4R 2 a] SEEL A UT AL AT

4 {HEZ%

4.1 BIRELE

s BT Zh 5 PERE VAL 1 Rt AR SC R
T8 =5 AT ST FIMIMO-OF DM £ G #6570 #y 2 45
HEEE, ATEEMIIZ. RIES5MK. 2455
HZM3GPP NRARMER AL E T B . H,
{FIERACR I CDL-CBLAY, R0 4 x4 MIMO%,
a1, WOR i PTG B R AR TG 3 S e MR 41 (Uniform
Linear Array, ULA), FEJGlEFENO0.5N, KEHIT
WA F R-45°; CDL GBS G ER M ESHE
WA iy % 270 e 92 A= o B A S ) A G 1 T MIM O 15
B AR B E NS5 GHz, FRUEEEA
15 kHz. B4 G FE R X Eme bl . i S e DL
WK Z BB SHATHENRE, WEAE 2
GUTFEERIEEREA . REVEMSHUWR2FTR.

I E R L5 30 000N LB IEREA, H
W, S0%FEA TSI SR, 20%FEA F T AL G
WE. RE AR A A R EE RS RABCE N
@, JRE RS ER T T 2RI 5. 3)
A7 M b IR B FE 45 M L BUE 28 {0,5,10,15,20,
25,30} dB500 NIl TE, BB 2124300 ns,
KWW NT2 Heo ZHASKEY JE R4
ALFE SE Y BUE M {100,200,---,700} nsfI5004™ 0l
RIEE, EMEHE 2 N20 dB, e kZE 5N
500 Hz. zhasi k2 B s il L s ik 23

x1 BAUSREML

L:¥il SHE BiE
LS-Bilinear O (NixNex Nt Ny)
LMMSE O (NixNix NP2 Ny)
AdaFortiTran 2.738M O ((NuxNx)? NN + S%(D + k) + S(D + k)?)
AdaFiT (J 4 i i 5 0.268M O ((NuNx)? NN + 52D + SD?)
AdaFiT (4 SR 0.958M 10) ((NtXNrX)QNth + 82D+ SD? + (Nthrx)Nth)
#* 2 MIMO-OFDMZ 45
S| #S HE SR #S HE
RS REHL Nix 4 R R HL Nix 4
H gz fe 3.5 GHz {EIE Y CDL-C; CDL-A
THBIRI b Af 15 kHz RGN B 5 MHz
OFDMTF5%1 N 14 BT HIR Ny 300
PREFHEL N 50 45115 B D 12
B ] . QPSK (50 s [0, 5, 10, 15, 20, 25, 30] dB
I ZEY Tas 50, 150,--, 650] ns BRZ WS fa 100, 200,-+-, 1000] Hz
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B S SEBHE T ET EiE R Transformer 28 FIMIMO-OF DM/E & {4 i+ 7

B BUE A {200,400,---,1400} Hz, {5WEHE 2
420 dB, BfIEfE N300 ns.
4.2 MG SEEMES T

N B G Al TR AdaFiT RO (4 2k ik 5 S dk
P, AR SC% BUE 4245 T8 A 1T VA LS-Bilinear Ml
LMMSEfE R T, FH5I N CHR[18]H 1 Ada-
FortiTrant®& R AE N CA H i& NAS 8 A TH 8 3k 47
X, AdaFortiTrandé (518 2 50 g b5 o i 4 [n) &=
5 Transformer i #E4T PR IR NG, 10 AR SC
Frig AdaFiTE: TFILMALHI, RS E Y /a5 52
LB PR AR T8 S5 R 2, LI Hh AR AR 1
GRS [FIRE, VP & SR OGS AL 1 B
SO, ARSIV Fl SR 43 AL S S AR R
A HE AR B LR, 6 Lo B S AR A
[F]45 ¥ Lt (Signal-to-Noise Ratio, SNR). 14 &
DA K fe K 2238 ik 2 A T MSE.
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Channel Estimation for MIMO-OFDM Based on Adaptive Transformer
Network in High-Speed Mobile Scenarios

LIAO Xi¥  HE Xiangni®  ZHANG Zhe®®  WANG Yang®®

®( College of Communication and Information Engineering, Chongqing University of Posts and
Telecommunications, Chongqing 400065, China)
@(PLA Unit 31401, Changchun 130012, China)

Abstract:

Objective Accurate channel state information (CSI) is essential for coherent detection, beamforming, and
adaptive resource allocation in multiple-input multiple-output orthogonal frequency division multiplexing
(MIMO-OFDM) systems. In high-mobility environments, large Doppler shifts and multipath propagation
jointly cause doubly selective fading, destroy subcarrier orthogonality, and aggravate inter-carrier interference.
Consequently, conventional least squares (LS) and linear minimum mean square error (LMMSE) estimators
suffer substantial performance degradation. Existing deep learning estimators provide strong nonlinear modeling
capability, but often show insufficient adaptability to variations in signal-to-noise ratio (SNR), delay spread,
and Doppler shift, or inefficiently incorporate physical channel priors. To address these problems, a
Transformer network with adaptive feature modulation, termed AdaFiT, is proposed for channel estimation in
high-mobility MIMO-OFDM systems.

Methods The proposed AdaFiT framework performs channel estimation by jointly exploiting local time-
frequency correlations, global dependencies, and explicit channel-aware adaptation. It takes least squares (LS)
estimates at pilot positions, together with signal-to-noise ratio (SNR), delay spread, and maximum Doppler
shift, as inputs. A separable two-dimensional linear upsampling module first interpolates the sparse pilot
estimates to the full OFDM time-frequency grid by independently processing the real and imaginary
components along the frequency and time dimensions. A convolutional feature enhancement module then
extracts robust local representations: a complex feature mixing layer fuses multi-antenna real and imaginary
components, while multi-scale convolutional blocks with channel attention capture short-range time-frequency
correlations and suppress noise. Next, a feature-wise linear modulation (FiLM)-based channel-adaptive module
embeds the three channel parameters through independent multilayer perceptrons and combines them into a
channel-state representation. This representation generates scaling and shifting coefficients to dynamically
recalibrate the block-embedded sequences according to varying channel statistics. Finally, the modulated
sequences are processed by a Transformer encoder with learnable two-dimensional positional encoding to model
long-range dependencies across the time-frequency grid and antenna dimensions. A residual reconstruction
structure fuses the global features with locally enhanced representations, yielding accurate channel estimates
with global consistency and preserved local details.

Results and Discussions Simulation analyses are conducted based on the CDL-C and CDL-A channel models.
The LS-based bilinear interpolation method, the LMMSE method, the AdaFortiTran model, and the AdaFiT
model without the adaptive module are selected as comparison schemes. The mean squared error (MSE)
performance of these models is compared under different signal-to-noise ratio (SNR), maximum Doppler shift,
and delay spread conditions. Under the CDL-C channel model, AdaFiT achieves the lowest MSE over the
entire SNR range (Fig. 3). At an SNR of 0 dB, its MSE is approximately 2.5 dB lower than that of
AdaFortiTran, and the performance gain increases to approximately 7 dB at an SNR of 30 dB. Compared with
the AdaFiT model without the adaptive module, AdaFiT achieves a maximum MSE gain of approximately
2.1 dB, which verifies the effectiveness of the proposed channel-adaptive feature modulation module. When the
maximum Doppler shift increases from 200 Hz to 1400 Hz, AdaFiT consistently maintains the lowest MSE
(Fig. 4). In the high-Doppler range of 1000-1400 Hz, AdaFiT outperforms the AdaFiT model without the
adaptive module and AdaFortiTran by approximately 2 dB and 3.5 dB, respectively, demonstrating improved

robustness against rapid channel variations. For delay spreads ranging from 100 ns to 700 ns, AdaFiT also
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maintains the lowest MSE over the entire range (Fig. 5), achieving approximately 3 dB and 5.5 dB gains over
the AdaFiT model without the adaptive module and AdaFortiTran, respectively. These results demonstrate
that the proposed adaptive feature modulation mechanism effectively improves the adaptability of the model to
time-selective and frequency-selective fading.To further evaluate the performance of the AdaFiT model under
different channel models, simulation analysis is conducted based on the 3GPP CDL-A channel model. At SNRs
of 0-5 dB, AdaFiT outperforms LMMSE by approximately 4-5 dB, while the performance gain reaches
approximately 7 dB at SNRs of 20-30 dB (Fig. 6(a)). Compared with AdaFortiTran, AdaFiT achieves an MSE
gain of approximately 2 dB under low-SNR conditions, and the gain increases to approximately 5.5 dB under
high-SNR conditions. In the maximum Doppler shift experiment, the MSE of AdaFiT remains between
approximately —38 dB and —37 dB over the range of 200-800 Hz and is approximately 5 dB lower than that of
AdaFortiTran (Fig. 6(b)). Although the MSE of AdaFiT increases when the maximum Doppler shift exceeds
1000 Hz, it still achieves an approximately 6 dB gain over LMMSE at 1400 Hz and remains superior to
AdaFortiTran. Over the entire delay spread range, AdaFiT achieves approximately 4-6 dB gain over LMMSE
and approximately 4-5.5 dB gain over AdaFortiTran (Fig. 6(c)).

Conclusions The proposed AdaFiT framework performs channel estimation by jointly exploiting local time-
frequency correlations, global dependencies, and an explicit channel-aware adaptation mechanism. Simulation
results under the CDL-C and CDL-A channel models show that AdaFiT consistently achieves lower MSE than
the LS-based bilinear interpolation method, LMMSE, AdaFortiTran, and the AdaFiT model without the
adaptive module under different SNR, maximum Doppler shift, and delay spread conditions. These results
verify the effectiveness of the proposed adaptive feature modulation mechanism and demonstrate that AdaFiT
maintains high estimation accuracy and stable performance under different channel models, indicating good
adaptability to varying channel environments.

Key words: MIMO-OFDM Systems; Channel estimation; Transformer network; Adaptive feature modulation;
Feature-wise Linear Modulation(FiLM)
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