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Abstract—Context modeling is a fundamental component dis-
tinguishing modern learned image compression (LIC) from clas-
sical transform codecs. However, state-of-the-art entropy models
increasingly rely on global self-attention, the quadratic com-
plexity of which becomes prohibitive for high-resolution images.
Simultaneously, local context modules are often constrained by
fixed grid sampling, which is hindered by misaligned structures
and window boundary artifacts. To overcome these limitations,
we propose Dual-Aware Entropy Modeling (DAEM), a plug-
and-play framework that integrates spectral global context with
offset-adapted local context. For global modeling, we employ
content-adaptive spectral filtering in the frequency domain via
FFT on causal side information (hyperprior features and pre-
viously decoded slices), achieving an efficient global receptive
field with O(n logn) complexity. For local modeling, we intro-
duce an offset-adapted context module that predicts content-
conditioned sampling offsets atop overlapped window attention.
This mechanism improves structural alignment for non-anchor
symbols while preserving parallel decoding capabilities. Extensive
evaluations on Kodak, Tecnick, and CLIC Professional Validation
show that DAEM achieves PSNR-based BD-rate reductions of
12.67% (Tecnick) and 10.28% (CLIC) relative to VTM-17.0, and
attains the best MS-SSIM BD-rate on Tecnick (-47.55%).

Index Terms—Learned image compression, entropy modeling,
frequency domain, deformable context

I. INTRODUCTION

The exponential growth of high-resolution visual content
imposes significant demands on storage and transmission
infrastructure. While classical image and video codecs (e.g.,
JPEG2000, BPG, VVC) [1]–[3] rely on hand-crafted trans-
forms and explicit probability models, their capacity to cap-
ture complex, content-adaptive dependencies remains limited.
Learned image compression (LIC) addresses these constraints
by substituting fixed components with end-to-end optimized
neural transforms and learned entropy models [4], [5]. Among
these components, entropy modeling is critical, as a more
accurate estimation of the conditional distribution of latents
directly translates to reduced bitrates for a given reconstruction
quality.

A prevailing trend in LIC entropy modeling is the incorpo-
ration of increasingly rich contexts. Hyperpriors utilize global
side information [5], while autoregressive models exploit pre-
viously decoded symbols [6]. Recent architectures integrate
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multi-slice, checkerboard, and attention-based mechanisms to
capture channel-wise, local, and global dependencies with
enhanced parallelism [7]–[10]. Despite these advancements,
two significant challenges impede the deployment of these
models in scalable, high-resolution compression scenarios.

First, global context modeling becomes computationally
intractable at high resolutions. While attention-based mecha-
nisms offer robust long-range dependency capture, their O(n2)
complexity relative to the number of latent positions n=HW
scales poorly. For instance, a 4K resolution image generates
tens of thousands of latent tokens, rendering global attention
unfeasible within practical memory and latency constraints.
Although approximate attention variants exist, they typically
compromise modeling capacity, a detrimental trade-off for
rate-critical entropy coding.

Second, local context modeling is often compromised by
rigid sampling and boundary discontinuities. Architectures
utilizing windowed attention or masked convolution achieve
parallel decoding but operate on fixed grid locations. In the
context of compression, where latents represent aggregated re-
ceptive fields, semantic features such as edges, thin structures,
and repeating textures frequently exhibit misalignment with
these fixed grids. Consequently, rigid sampling yields subop-
timal local correspondence, while non-overlapping windows
introduce boundary artifacts that degrade both bit allocation
efficiency and visual quality.

To address these issues, we introduce Dual-Aware Entropy
Modeling (DAEM), a unified framework that is frequency-
aware for efficient global context and offset-aware for precise
local context. Our approach is grounded in the insight that
global dependencies can be modeled efficiently via spectral
filtering: the convolution theorem establishes that element-
wise multiplication in the frequency domain is equivalent to
global convolution in the spatial domain. Unlike attention,
spectral filtering provides a global receptive field with near-
linear complexity and stable memory scaling. Furthermore,
we observe that difficult local coding scenarios often stem
from geometric misalignment. We therefore predict content-
conditioned offsets to adaptively re-sample local context for
non-anchor symbols, utilizing overlapped window attention to
eliminate boundary discontinuities.

Our contributions are summarized as follows:
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Fig. 1. Overall framework of DAEM. The entropy model predicts Gaussian parameters (µ, σ) for arithmetic coding (AE/AD). DAEM comprises Spectral
Global Context (SGC) operating on causal side information, and Offset-Adapted Local Context (OLC) operating on decoded anchors for non-anchor prediction.

• We propose spectral global context for LIC entropy mod-
eling: an FFT-based, content-adaptive frequency filtering
module applied to causal side information, yielding a
global receptive field with O(n log n) complexity.

• We introduce an offset-adapted local context module that
learns content-conditioned sampling offsets over over-
lapped window attention, enhancing structural alignment
for parallel non-anchor decoding.

• DAEM improves the rate–distortion–speed trade-off on
the Kodak, Tecnick, and CLIC Professional Validation
datasets, outperforming strong LIC baselines and reduc-
ing encoding latency compared to attention-heavy entropy
models.

II. RELATED WORK

A. Entropy Models for LIC

Hyperprior-based LIC [5] augments a factorized density
model with side information, while joint autoregressive-
hyperprior models further refine conditional entropy by ex-
ploiting decoded context [6]. To accelerate serial autoregres-
sion, parallelizable context schedules have been developed,
including checkerboard context modeling [7] and channel-
wise autoregressive entropy models [8]. Multi-context and
multi-reference entropy models combine cross-slice, local, and
global contexts to maximize coding gain [9]. Transformer-
based entropy models (e.g., Entroformer) enhance long-range
modeling but often incur substantial computational and mem-
ory overheads [10].

B. Frequency-Domain Modeling in Learned Compression

Recent research has revisited insights from classical trans-
form coding. Frequency-aware transformer blocks have been
proposed to better capture directional and multi-scale fre-
quency components within LIC transforms [11]. Similarly,
WeConvene embeds wavelet transforms into both convolution
layers and entropy coding [12]. These approaches typically

modify the analysis/synthesis transforms or perform coding
directly in wavelet subbands. In contrast, DAEM treats fre-
quency modeling as a plug-in component for the entropy
model, preserving the backbone codec while utilizing spectral
filtering to construct an efficient global context prior from
causal side information.

III. METHOD

A. Notation and Codec Overview

Given an input image x, an analysis transform ga pro-
duces the latent representation y=ga(x). Quantization yields
ŷ=Q(y), which is losslessly encoded via arithmetic coding
using a learned probability model p(ŷ). A hyperprior trans-
form [5] encodes side information: z=ha(y), ẑ=Q(z), and
the hyper-decoder hs generates hyper features ϕ=hs(ẑ).

Following prior work [7], [9], we partition ŷ into S chan-
nel slices {ŷ(i)}Si=1 and apply a checkerboard split within
each slice: ŷ(i) = {ŷ(i)

A , ŷ
(i)

Ā
}, where A and Ā denote

anchor and non-anchor positions, respectively. Anchors are
encoded/decoded first in parallel and subsequently serve as
context for non-anchors. The conditional probability factor-
ization is given by:

p(ŷ|ẑ) =
S∏

i=1

p(ŷ
(i)
A | ẑ, ŷ(<i)) p(ŷ

(i)

Ā
| ẑ, ŷ(<i), ŷ

(i)
A ), (1)

where ŷ(<i) denotes all previously decoded slices.
Each symbol is modeled by a Gaussian convolved with a

unit uniform distribution [5]:

p(ŷ | µ, σ) =
(
N (µ, σ2) ∗ U(− 1

2 ,
1
2 )
)
(ŷ), (2)

with parameters (µ, σ) predicted by our entropy model.

B. Dual-Aware Entropy Model (DAEM)

DAEM predicts distribution parameters for anchors and
non-anchors utilizing two complementary context sources:



(i) Spectral Global Context (SGC) Φ
(i)
g , derived from hyper

features and previously decoded slices; and (ii) Offset-Adapted
Local Context (OLC) Φ

(i)
l , computed from decoded anchors

within the current slice.
We first construct a causal side-information tensor for slice

i:
t(i) = Concat

(
ϕ(i), ψ(ŷ(<i))

)
, (3)

where ϕ(i) denotes the slice-wise hyper features (a channel
projection of ϕ), and ψ(·) is a lightweight projection ag-
gregating previously decoded slices (implemented as a 1×1
convolution over concatenated slices; for i=1, this is initialized
as zeros).

The anchor parameters are predicted by:

(µ
(i)
A , σ

(i)
A ) = fA

(
t(i),Φ(i)

g

)
, (4)

and the non-anchor parameters are predicted by:

(µ
(i)

Ā
, σ

(i)

Ā
) = fĀ

(
t(i),Φ(i)

g ,Φ
(i)
l

)
, (5)

where fA and fĀ are convolutional predictors.

C. Spectral Global Context (SGC)

Given t(i) ∈ RB×C×H×W , we apply a 2D real FFT (rFFT)
along the spatial dimensions:

F(t(i)) ∈ CB×C×H×(⌊W
2 ⌋+1). (6)

We introduce N learnable complex-valued spectral filters
{Gn}Nn=1, where each filter is defined on a reference rFFT
grid and resized to match the current spectral resolution. In
practice, we bilinearly interpolate the real and imaginary parts
of Gn to the current

(
H,

⌊
W
2

⌋
+ 1

)
grid. For each input, we

predict mixture weights α ∈ RB×N using global average
pooling (GAP) followed by an MLP:

α = softmax
(
MLP(GAP(t(i)))

)
. (7)

The filtered spectrum is computed as:

T̃
(i)
b =

N∑
n=1

αb,n

(
Gn ⊙F(t

(i)
b )

)
, b = 1, . . . , B, (8)

where ⊙ denotes element-wise complex multiplication (broad-
cast over channels). Finally, the global context is obtained via
inverse rFFT and a channel mixing layer:

Φ(i)
g = Conv1×1

(
F−1(T̃(i))

)
. (9)

The global nature of SGC is established by the convolution
theorem: F−1(G ⊙ F(t)) is mathematically equivalent to
the circular convolution of t with a kernel whose Fourier
transform is G. Consequently, SGC implements an image-
wide linear operator with a global receptive field, while
the dynamic mixture in Eq. (8) ensures content adaptivity.
Crucially, SGC relies exclusively on causal side information
t(i) (Eq. (3)), guaranteeing validity during decoding. Imple-
mentation parameterizes the real and imaginary parts of Gn

on the rFFT grid; the imaginary components at self-conjugate
bins (e.g., the DC bin, and the Nyquist bin when applicable)
are fixed to zero to satisfy the rFFT Hermitian constraint.
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Fig. 2. Spectral Global Context (SGC). A small set of learnable spectral
filters are dynamically mixed to modulate the frequency response of causal
side information.
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Fig. 3. Offset-adapted local context. Overlapped windows enable cross-
window information flow, while predicted offsets enhance alignment for
structures ill-suited to fixed grids.

D. Offset-Adapted Local Context (OLC)

While SGC provides global priors, non-anchor symbols
necessitate precise local correspondence. OLC predicts local
context for ŷ(i)

Ā
using decoded anchors ŷ

(i)
A .

1) Overlapped Window Attention: We partition the feature
map into K×K windows with stride K/2 (50% overlap).
Queries are derived from side information t(i) at non-anchor
positions, while keys/values are derived from embeddings of
decoded anchors:

Q =Wq t
(i)

Ā
, K =Wk η(ŷ

(i)
A ), V =Wv η(ŷ

(i)
A ), (10)

where η(·) is an embedding layer. Within each window,
masked multi-head attention [13] generates intermediate local
features:

A(i) = softmax

(
QK⊤
√
d

+B+M

)
V, (11)

where B is a learnable relative position bias and M masks
invalid (non-causal) connections, ensuring non-anchor queries
attend solely to anchor keys. All operations are conditional on
decoded anchors, preventing access to future symbols.

2) Offset-Adapted Sampling: Inspired by deformable con-
volution [14], we predict a 2D offset field ∆p(i) from the
attention features A(i) using a lightweight CNN ξ(·):

Ĝ(i) = G +∆p(i), ∆p(i) = clip
(
ξ(A(i)),−δ, δ

)
, (12)
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Fig. 4. OLC block structure employed for non-anchor context prediction.

where G represents the regular normalized sampling grid and
δ=0.25 bounds the offsets for stability. We then perform
bilinear sampling:

Z(i) = T (A(i), Ĝ(i)), (13)

followed by local aggregation utilizing a K×K convolution
and a feed-forward network (FFN):

Φ
(i)
l = Z(i)

conv + FFN(Z(i)
conv), Z(i)

conv = ConvK×K(Z(i)).
(14)

E. Complexity Analysis

Let n=HW denote the number of latent positions per
slice. Standard global self-attention scales as O(n2), which
dominates computational costs at high resolutions. In contrast,
SGC requires one FFT and one inverse FFT per slice, scaling
as O(n log n), plus O(Nn) for spectral modulation (where N
is small, e.g., N=4). OLC utilizes window attention with a
constant window size, resulting in O(nK2) complexity. Thus,
DAEM scales near-linearly with resolution, making it highly
effective for high-resolution entropy modeling.

F. Rate–Distortion Objective

We optimize the standard rate–distortion loss:

L = λD(x, x̂) + E
[
− log2 p(ŷ|ẑ)

]
+ E

[
− log2 p(ẑ)

]
, (15)

where D is either MSE or MS-SSIM [15], and the bitrate is
computed utilizing the learned likelihoods.

IV. EXPERIMENTS

A. Experimental Setup

Our implementation is built upon PyTorch [16] and
CompressAI [17]. We train all models on the Vimeo-90K

TABLE I
BD-RATE AND BD-PSNR (BD-MSSSIM) PERFORMANCE ON KODAK

COMPARED TO BPG.

Method
PSNR MS-SSIM

BD-rate BD-PSNR BD-rate BD-MSSSIM

BPG [2] 0.00% 0.00dB 0.00% 0.00dB
VTM-17.0 [3] -22.46% +1.26dB -25.91% +1.38dB
Cheng20 [23] -18.34% +0.99dB -57.98% +4.33dB
Entroformer [10] -19.89% +1.11dB -59.80% +4.41dB
STF [24] -23.72% +1.31dB -62.64% +4.61dB
MLIC [9] -29.08% +1.59dB -63.19% +4.69dB
DAEM (Ours) -32.06% +1.88dB -65.45% +4.74dB

TABLE II
ENCODING AND DECODING LATENCY ON KODAK (MS PER IMAGE). ALL

NEURAL METHODS ARE MEASURED ON THE SAME GPU. VTM IS
REPORTED FOR REFERENCE.

Method Encoding (ms) Decoding (ms)

VTM-17.0 104921.8 235.4
Cheng20 3708.2 8658.6
STF 259.4 162.9
MLIC 220.2 169.9
DAEM (Ours) 181.5 136.4

dataset [18]. For evaluation, we primarily report results on the
Kodak dataset [19], and further assess generalization on two
high-resolution benchmarks: the Tecnick dataset [20] and the
CLIC Professional Validation set [21]. DAEM employs S=10
slices, a window size of K=8 with 50% overlap, and N=4
spectral filters.

Optimization is performed using Adam with an initial
learning rate of 10−4, β1=0.9, and β2=0.999, over 2M
training steps. Following standard LIC protocols, we train
10 models in total: five MSE-optimized models with λ ∈
{0.0035, 0.0067, 0.013, 0.025, 0.0483}, and five MS-SSIM-
optimized models with λ ∈ {4.58, 8.73, 16.64, 31.73, 60.50}.

Metrics. We report PSNR and MS-SSIM as distortion
metrics. For rate–distortion (RD) curves and Bjøntegaard-
Delta (BD) computations, MS-SSIM is converted to decibels
as −10 log10(1 − MS-SSIM). BD-rate and BD-PSNR are
computed following the Bjøntegaard-Delta method [22].

B. Comparison with State-of-the-Art

We compare DAEM against classical codecs, including
BPG [2] and VTM-17.0 [3], as well as representative learned
image compression (LIC) methods: Cheng20 [23], Entro-
former [10], STF [24], MLIC [9], and WeConvene [12].

As illustrated in Fig. 5 and Table I, DAEM consistently
outperforms all compared learned codecs across the 0.1–0.8
bpp range. Using BPG as the reference in Table I, DAEM
achieves -32.06% BD-rate and +1.88 dB BD-PSNR on Kodak.
Under the same reference, this corresponds to a further 9.60
percentage-point BD-rate reduction and a 0.62 dB BD-PSNR
gain over VTM-17.0. Notably, the performance gains are more



Fig. 5. Rate–distortion curves on Kodak. Left: PSNR vs. bitrate. Right: MS-SSIM (dB) vs. bitrate.

TABLE III
BD-RATE (%) RELATIVE TO VTM-17.0 ON HIGH-RESOLUTION

BENCHMARKS. LOWER IS BETTER.

Method
Tecnick CLIC Pro. Val.

PSNR MS-SSIM PSNR MS-SSIM

VTM-17.0 0.00 0.00 0.00 0.00
STF [24] -2.75 -45.81 +0.42 -44.82
MLIC [9] -12.73 -47.26 -8.79 -45.79
WeConvene [12] -9.46 -45.57 -10.15 -45.41
DAEM (Ours) -12.67 -47.55 -10.28 -45.21

pronounced on the MS-SSIM metric, where DAEM attains a
-65.45% BD-rate relative to BPG, exceeding MLIC by 2.26
percentage points. This improvement can be attributed to the
proposed spectral global context, which effectively captures
perceptually relevant long-range dependencies.

Regarding computational efficiency, Table II demonstrates
that DAEM is 1.21× faster in encoding and 1.25× faster in
decoding than MLIC, while simultaneously achieving superior
RD performance. These results validate that spectral-domain
global modeling successfully circumvents the latency bottle-
necks inherent in attention-based global context mechanisms.
Compared to Cheng20, which relies on autoregressive decod-
ing, DAEM reduces encoding and decoding latency by over
an order of magnitude, underscoring the practical advantages
of parallel entropy coding.

C. Generalization to High-Resolution Content

To assess the scalability of DAEM on larger spatial resolu-
tions, we evaluate its performance on the Tecnick and CLIC
Professional Validation datasets. As reported in Table III,
DAEM maintains robust coding efficiency on high-resolution
content, achieving BD-rate reductions of 12.67% and 10.28%
(PSNR) relative to VTM-17.0 on Tecnick and CLIC, respec-
tively.

Ground Truth Ours MLIC Entroformer

Bpp/PSNR 0.17/27.23 0.21/27.290.17/28.69

Fig. 6. Visual comparison on Kodak (Kodim24). DAEM reduces ringing
artifacts and preserves fine structures more effectively than Entroformer and
MLIC.

Notably, DAEM consistently surpasses STF by a significant
margin and remains highly competitive with state-of-the-art
methods such as MLIC and WeConvene. On the Tecnick
dataset, DAEM achieves superior MS-SSIM performance (-
47.55%) compared to all competing methods. On CLIC Pro-
fessional Validation, DAEM attains the best PSNR-based BD-
rate (-10.28%), outperforming both MLIC and WeConvene.
These results confirm that the proposed spectral filtering mech-
anism effectively captures long-range spatial correlations in
high-resolution imagery without suffering from the receptive
field limitations of purely local models or the computational
overhead of dense attention mechanisms. However, we observe
that DAEM yields a slightly inferior MS-SSIM BD-rate on
CLIC Professional Validation (-45.21%) compared to MLIC (-
45.79%), suggesting that content with diverse scene categories
may benefit from more adaptive global modeling, which we
leave for future exploration.

D. Ablation Study

We conduct ablation studies to isolate the individual con-
tributions of DAEM’s key components. The baseline model
employs a hyperprior [5] combined with a checkerboard



Fig. 7. Ablation study on Kodak (PSNR). Base configuration: hyperprior with
checkerboard local context.

local context model, following prior parallel entropy coding
designs [7].

As shown in Fig. 7, incorporating the Spectral Global Con-
text (SGC) module (Base+SGC) yields significant RD gains
across all bitrates, demonstrating that efficient global priors
remain essential even within parallel coding frameworks. The
addition of the Offset-adapted Local Context (OLC) module
(Base+SGC+OLC) provides further consistent improvements,
particularly at lower bitrates where accurate entropy estimation
is critical. Qualitatively, OLC enhances reconstruction quality
around edges and thin structures, confirming the efficacy of
offset-adapted alignment for capturing local dependencies in
regions with geometric discontinuities.

V. CONCLUSION

In this paper, we presented DAEM, a dual-aware entropy
model designed for scalable learned image compression.
DAEM substitutes quadratic global attention with spectral
global context derived from causal side information, achieving
a global receptive field with O(n log n) complexity. Addi-
tionally, DAEM enhances parallel local context via offset-
adapted alignment over overlapped windows, improving struc-
tural correspondence for non-anchor decoding. Experimental
results on Kodak, Tecnick, and CLIC Professional Valida-
tion demonstrate that DAEM achieves superior rate–distortion
performance with significantly reduced latency, confirming
its scalability to high-resolution content. We anticipate that
spectral and offset-aware context modeling will constitute a
pivotal direction for the development of high-resolution and
latency-sensitive learned codecs.
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