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Frequency-aware context modeling for learned image compression
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Abstract Learned image coding, which optimizes rate-distortion loss end-to-end and captures high-order statistics of natural
images, has become a key direction in multimedia compression. However, existing methods insufficiently exploit spectral
structures and lack accuracy in modeling high-frequency textures. To this end, we propose a frequency-aware context-based
image compression method. It employs a DCT-initialized spatial-frequency transform to decouple low-frequency structures
and high-frequency textures, uses a frequency-aware context module to fuse frequency priors and spatial context, and
introduces a gated entropy model to separately model coefficients of different frequency bands. Experiments on the Kodak
dataset show that our approach outperforms VVC (4:4:4) by 8.33% bitrate saving with only 12.51M parameters, and yields
sharper high-frequency reconstructions at equivalent bitrates.

Key words image coding; deep learning; frequency domain analysis; entropy coding; context modeling
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Fig.1 The architecture of the proposed FLIC
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Fig.2 Illustration of the frequency and bandwidth conversion mechanism
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Fig.3 Illustration of the frequency-aware context model
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Fig.4 Illustration of the frequency-aware gated entropy model
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Fig.5 The RD performance on Kodak and CLIC dataset

# 1 Kodak HuilidE b8 IR ) i Sk I %2 55 BD-Rate X Lighi R

Table 1 Comparison results of model complexity and BD-Rate for learned image compression algorithms on Kodak dataset

xof BB SHE/M FLOPs/G 2 ) (61 /ms fRRS I 18] /ms BD-PSNR/dB BD-Rate/%
GMM 13.18 30 3708 8658 -0.21 4.94
GLLMM 15.71 . 385260 387620 -0.07 2.55
Entroformer 187.69 . 4768 85919 -0.19 4.70
MLIC 83.27 443 190 268 0.41 -7.16
TCM 75.9 415 154 107 0.34 -6.54
FTIC 459 - 223 96 0.71 -12.85
HPCM 68.50 88 143 191 0.77 -14.30
DCAE 119.4 273 133 146 0.70 -13.57
LALIC 63.24 286 274 150 0.63 -12.16
SFTNet 4578 208 116 91 0.31 -6.55

FLIC (&30 12.51 61 153 191 0.56 -8.33




FRES PURBON LR SO G g Y 9

# 2 Kodak #ffi gk X UR L2 2 SR SAIK 7 BrBD-Rate X LL45 SR
Table 2 Comparison of BD-Rate Results Across Different Bitrate Ranges for Learned Image Compression Algorithms on the Kodak Dataset

xof bk 4:[X 8] BD-Rate/%  {&fZ% BD-Rate/% 133 BD-Rate/% i3 BD-Rate/%
GMM 4.94 3.48 2.81 -0.18
GLLMM 2.55 278 -1.09 -5.58
Entroformer 4.70 3.90 5.84 4.28
MLIC -7.16 -12.94 -8.73 -4.50
TCM -6.54 -1.17 -3.38 -6.05
FTIC -12.85 -15.29 -14.21 -11.68
HPCM -14.30 -16.95 -15.60 -10.77
DCAE -13.57 -22.30 -8.80 -9.31
LALIC -12.16 -19.85 -8.00 -8.48
SFTNet -6.55 -12.26 -4.53 -2.86
FLIC (A30) -8.33 -5.30 -9.33 -10.19

#* 3CLIC ¥ilidE F&IRE S il H LN BD-Rate %45 E

Table 3 Comparison results of BD-Rate for learned image compression algorithms on CLIC dataset

X Lb B BD-PSNR/dB BD-Rate/%
GMM -0.25 6.55
GLLMM -0.02 0.16
Entroformer -0.04 0.96
MLIC 0.48 -11.78
TCM 0.51 -11.80
FTIC 0.59 -13.62
HPCM 0.76 -17.54
DCAE 0.70 -16.17
LALIC 0.70 -16.20
SFTNet 0.40 -9.44
FLIC (A30) 0.604 -13.49

3.2.2 EMMILLER

ATV FLIC SUER B SR R, A ST Sidnidbrdt (JPEGH. JPEG2000%), BPGEIA
VVC(4:4:4)BD) , DL ELICTS, GMMPARFE 22 2] FEAE st Lext &, 7RI U5 26 S A4 6 bl % Bk
B G AT FR AR, I L GO R XA O R, W 6 Frn. ARSERIER Kodak
Hom e W a R @A X, @R, A0 RRE S X E R BAgANEIL TS
WA 53 %< bpp / PSNR (dB) / MS-SSIM..

6 AN [ S vk 1 =B A A O o ko bl 45
Fig.6 Comparison of visual quality of reconstructed images of different algorithms

A LLE H, JPEGI SEEEGHI T EE MR S OB R, ERU%E &S w1 .
JPEG2000[ 5 BPGI?®! EZEfR T H BN [, EANAAAEMT ERGIRB R, miscE X ik H 5o
BRI R AL o VVC(4:4:4)PHB T 15 58 4 38 JR 75 ZE (LU 2 R, R 235 X AT A7 78 32 IR 6 405 M o
GMME4 Fi ELICUEIR 7 4o 40 B 5 J5 472 70 SR MMM . FLIC SIVEAE 245803 . A% . BN
AN T X IR LB . AR LR
3.3 |BRIE

RGUEA SR ) = A2 OB A 30, A SCHE Kodak i 4 Bt AT TiHRkSLES, 45R kK 4
e DAREBAUYRME, BN IMFTsefi, it BD-Rate fibr. B4 1 JRLZRRIAY, KA €
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BHURSEAR e, RIGINASCIR MRS, B 2 AN S AR L], B 3 3k — b 5 A B &0
R SCEEE; FLIC A e AR, SRR = R R R
ATLVE Y, ARACTRR 1, RO 2 FEME A PRSI R T 1.33% ISR, IR 1Al
A P S AR R RE L 3 o X — I 28 T BAG 28 T A AU B U S I 5 e BE R RE S A . K
H, IEZARARAE 1AM KA E ML, DCT #Iiafbfe fit 1 By Mg e B R Rk . [FI, 7reg
>J AR Hhe B e 0% 38 i ) i I St — 0 T N MR R A, AT BRAT SN AR SR AR . 7E 3 i
b B 3 B BN R OB, MR 2 P RRAC 1.68% ADEE . Z A HUR I
WG, R S 2 8] B S AT R, 86 2 BN e 8 [ I R A 2 8] <R SRS 2 AR 2 A 45
B TR A AL TR FOR D S TR . 2D, FLIC SN N T 1 i R T, A At
B3 FIRTE T 1.20% KSR AZ MRS S RF AL A R 0 o0 A 2 BT B iR ], R
AN R 98— A7 St R O ME R RS, AT HE — D ST g A 20 . 45 b, A SCHR Y i S AR
BebU] . PO B SO S RO T IR T = I RAE A, A T 4.21% KRR, ok
IE T SO BRSO A B B B, RO R R R, BRI 7 RR AR
B 4 KOG Rl S04 R
Table 4 Ablation study results on Kodak dataset

XFEE HAE BUERE RN
TRz el FFX J

BD-Rate/%

AL 1 DCT 0.00

7 2 v -1.33
J J

i3 -3.01

FLIC v v v -4.21

RGN T R o, A o A kR ET oy R, B RE T A 2 R BI R . A
AT k=20 4. 8 WERUBLRLIPERE, S5 WK 5 Fian. R BD-Rate(%) LA VVC (4:4:4) NEHE
. ATLVEW, M k=2 B, Sar kIR, TER SRR Mg E R, R E.
Mok =4 B, BEIVERGIABIERAL, ARSI 8.33%MIDE. M k =8 W, AU Rk, S0
MSHERERM, R EIEBEISR, Haexm N, B, KSOEH k=4 fEARRI 54
¥, W] DALE ERERORS FE AT SR 2% B 2 (A AT (R ST

5 Kodak &4 4 AN [ 43 235 M e o LU &5 51

Table 5 Performance comparison of different frequency band numbers on Kodak dataset

ini A% k' BD-Rate/% ZHE/M ARG R [3]/ms

2 -7.12 12.38 187.2
4 -8.33 12.51 191.0
8 -7.89 12.87 198.5

4 5518

DASCE T — R B0 R SO A R gw D 505 FLIC, DA 20 36 A N A% 0 JB B, )
it DCT WIUAIL I ZS AR B L, 76 fR BE Ak e & R A E R R, BE N USRS B AR G St it 4y
i o

2) FVF A AR SN bR SO R, A ST RRAE S S (A B R SCER ZE R, SIS AR A R AE R
TIE o S S A SR T 4 Ik R TR 5 ot AN [R) AT 2R B0 2 B0

)LIL L KW, Z L HIETE Kodak MLEE FAHE VVC(4:4:4) 174 T 8.33% Mg, HEK
15 1) e AR ST X 5 B 3 b

A)AR R, A ST AT I S AR AL ] T P A AL AT G AL AT I, 1) R i ) A R S 1 3 — 25 R T T
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