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Abstract

This white paper presents PORT, a Perception-ORiented image compression framework
with fasT decoding. PORT is our approach for the image compression track at CLIC 2025.
To enhance perceptual quality, we incorporate both semantic and patch-wise adversarial
losses to generate realistic textures, and employ a region-of-interest (ROI) mask to guide bit
allocation across different regions. To accelerate decoding, PORT builds upon the DCVC-
RT architecture, while introducing more advanced entropy models to capture long-range
correlations. Our team is PKUSZ-AliMerlin.

1 Introduction

Learned image compression [1] has become an active research area in recent years.
Several models [2-7] have already outperformed the latest non-learned codec, VVC.
However, most existing methods primarily focus on optimizing non-perceptual distor-
tion metrics. To improve perceptual quality, some approaches [8-10] employ Genera-
tive Adversarial Networks (GANs) [11] to synthesize perceptually convincing textures.
In addition, learned perceptual metrics such as VGG-based [12] or LPIPS [13] losses
are often used to stabilize training and improve convergence.

Since subjective quality standards vary across users, content-sensitive images (e.g.,
faces and documents) require authenticity preservation rather than the generation of
vivid yet unrealistic details. To this end, building upon the generative compression
framework of [9], we propose PORT: Perception-Oriented Image Compression with
fast Decoding, developed for the CLIC 2025 Image Track. PORT employs semantic-
and patch-wise discriminators to guide texture synthesis, thereby enhancing seman-
tic and spatial consistency between generated and reference images. Furthermore,
a region-of-interest (ROI) mask is used to adaptively control pixel-level distortion
weights, enabling flexible rate allocation.

For efficient decoding, PORT adopts the architecture of DCVC-RT, while incor-
porating a more advanced entropy model to capture long-range correlations. Finally,
to meet specific bit-rate constraints, our model is trained with a variable-rate com-
pression strategy inspired by [14]. Our team is PKUSZ-AliMerlin.

* Ronggang Wang is the corresponding author. This work is financially supported by Guang-
dong Provincial Key Laboratory of Ultra High Definition Immersive Media Technology(Grant No.
2024B1212010006), this work is also financially supported for Outstanding Talents Training Fund in
Shenzhen, Shenzhen Science and Technology Program(Grant No. SYSPG20241211173440004 and
Grant No. RCJ(C20200714114435057) and the Alibaba Innovative Research Program.



2 Method

ROI weighted
MSE & L1 Losses

ROI

y

Encoder

~

Yy

l Entropy Model
@

a» GAN loss, LPIPS qp

Loss, Style Loss,
Laplacian Loss
Figure 1: The overall architecture of PORT. ¢gp denotes the quantization parameter for

variable rate control. ROI represents the region of interest map for bit allocation. @ is
the input image, & is the reconstructed image, y is the quantized latent representation.

2.1 Owverview

In this section, we briefly introduce our solution PORT to the CLIC 2025 Image
Track. The overall architecture of PORT follows DCVC-RT [15] and Ma et al. [16],
while the gain and inverse gain units [14] are adopted for variable-rate control. The
overall architecture of PORT is illustrated in Figure 1.

The optimization process consists of two stages. In the first stage, the model
is trained with a mean squared error (MSE) objective, together with the gain and
inverse gain units. In the second stage, the model is further optimized for perceptual
quality.

For perceptual optimization, we employ both patch-wise and semantic adversarial
losses [11] to guide the decoder in generating realistic textures at low bitrates. To
preserve sharpness, we additionally use the Charbonnier loss. The LPIPS loss [13]
and style loss [17] are incorporated to enhance perceptual fidelity, while the Laplacian
loss [18] is used to mitigate color variations. Following [16], a region-of-interest (ROI)
mask is introduced to allocate more bits to semantically important regions.

The overall loss function is formulated as

L= XR+ Anse X (0 © Dpse)+

)\Ll X [5 © QLI] + )\lpips X leips_’_ (1)
)\sty X Qsty + /\lap X Qlap + )\adv X Qad’m
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Figure 2: The architecture of the encoder of PORT. “DCB?” is the depth convolutional
block in DCVC-RT [15].

where R is the rate, ®,,,. is the MSE distortion, D, is the L1 distortion, D, is
the VGG-16 [12] Lpips [13] distortion, D, is the style loss [17], ©,, is the Laplacian
distortion [18], 44, is the BCE adversarial distortion, 4 is the normalized ROI map.
We use { A\, Ases AL1, Aipipss Astys Maps Aadw } 10 adjust the weight of each loss.

2.2 Variable Rate Adaptation

Gain units and inverse gain units are employed to enable continuous rate adaptation
across multiple target bitrates. Specifically, the gain units, denoted as Mg € R,
modulate the quantization step size of each channel, where ¢ represents the number
of channels and n is the number of supported bitrates. The inverse gain units are im-
plemented as 1/Mg to reverse this modulation during decoding. These gain modules
are applied to the intermediate features within both the encoder and decoder.

The gain adaptation process operates are illustrated in Figure 2 and Figure 3. At
the encoder side, the intermediate latent representation is scaled by the gain units:

Yy = &i(x) © Ma(gp), (2)

where & denotes the first stage of the encoder that processes the input image x. At
the decoder side, the inverse gain units rescale the quantized features:

§= D) 1 3)

Y=y EVINIRY

Me(qp)

where D; represents the first stage of the decoder, and ® denotes element-wise mul-
tiplication. This mechanism allows Mg to adaptively scale the latent representation
according to the quantization parameter ¢p before quantization, while the inverse
gain compensates for this scaling during synthesis, enabling flexible bitrate control
without requiring multiple models.

2.3 ROI-Weighted Distortion and Bit Allocation

Following Ma et al. [16], we employ a saliency map as the ROI mask, as saliency
detection naturally separates an image into focused regions and background, which
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Figure 3: The architecture of the decoder of PORT.

aligns well with our bit allocation strategy. Specifically, we adopt RMformer [19] to
generate ROI maps, which remains fixed during both training and inference. The
ROI detection process is formulated as:

Masksp = sigmoid(RMformer(x)), (4)

where x is the input image and Masks,p is the detected ROI map.
To smooth region boundaries and facilitate gradual bit allocation, the ROI map
is processed with average pooling:

RMyp = AvgPool(Maskap), (5)

where RMyp denotes the smoothed ROI map. A scaling factor « is introduced to
control the relative importance of ROI regions during rate allocation. To prevent
background texture degradation, a fixed number of channels (64 in our implementa-
tion) are reserved to retain sufficient information for non-ROI regions.

The bit allocation is performed at the encoder side as follows:

RM2D+Oé
14+«

Y = &E(&(2) © Ma(gp)), ¥ = (Yo.es || Yea300 © ), (6)
where & and & denote the first and second stages of the encoder, respectively. The
first 64 channels vy, are preserved without ROI weighting, while the remaining
channels yg,.990 are modulated by the scaled ROI map. The operator || represents
channel-wise concatenation. At the decoder side, the inverse ROI mapping is not
required, and reconstruction proceeds as:

-
Me(qp)”

where D; and D, denote the first and second stages of the decoder, respectively. For
pixel-wise losses such as L1 and MSE, the ROI map is directly applied to weight the
distortions, guiding the model to allocate more bits to salient regions while maintain-
ing acceptable quality in background areas.

& =Dy (Dy(y) © (7)
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Figure 4: The architecture of the semantic and patch discriminators. s denotes the
semantic features extracted by CLIP.

2.4 Adversarial Training

To generate realistic textures, we optimize the model with adversarial losses that
include both semantic-level and patch-wise components. The architectures of the
semantic discriminator and patch discriminator are illustrated in Figure 4. Following
prior works [9,16], we employ the binary cross-entropy (BCE) loss for adversarial
training.

Semantic-level adversarial loss. We leverage CLIP [20] to extract semantic
features s from the input image, which serve as conditional inputs for semantic-aware
discrimination:

S =E[—log(D*(& | 5))],

adv
. (8)
Liise = E[ —log(1 = D*(2 | 5))] + E[ —log(D*(x | s))],
where & denotes the reconstructed image and x the original image. Inspired by latent
diffusion models, we employ a cross-attention mechanism for semantic-guided condi-
tional discrimination, where the semantic features s are used as queries to modulate
the discriminator’s attention over image features.
Patch-wise adversarial loss. For fine-grained texture discrimination, the patch-
wise loss is defined as:
g =E[ —log(D"(z | 9))],

adv

e =E[—log(1—D"(&|g))] +E[—log(D*(x | 9))], )

disc

where y denotes the quantized latent representation, which provides rate-dependent
conditioning for the discriminator.
Here, D® and DP denote the semantic and patch-wise discriminators, respec-

tively. The discriminators are trained to minimize £5, . and £F,_, while the generator
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Figure 5: The process of the efficient attention-based global context modeling.

(encoder-decoder) is optimized with the adversarial losses £5,, and £°, . The overall
adversarial loss for the generator is defined as:

Sadv = /\fzdv Zdv + >‘p 2}7 (10)

adv~adv’

where A5, and A\, are hyperparameters that balance the contributions of semantic
and patch-wise adversarial objectives.

2.5  Entropy Model

The entropy model integrates three complementary modules for accurate probability
estimation: a quadtree context module from DCVC-DC [21], a global context module,
and a hyperprior module. These modules collectively capture multi-scale spatial
dependencies to enable efficient entropy coding. Quadtree context module. In the
quadtree-based partitioning, the quantized latent representation g is hierarchically
divided into four parts {9, ¥, Y, Y3 }. During encoding/decoding of y,, all previously
processed parts y_; = {Yy, .- ., Y,_; } are employed as autoregressive context. For each
partition, we employ a depth-wise convolutional block [15] to efficiently capture local
spatial context within neighboring regions.

Efficient attention for global context. To extract long-range dependencies
across the latent space, we apply an efficient self-attention mechanism [5,22]. Unlike
standard attention with O(N?) complexity where N is the number of spatial locations,
the efficient attention approximates the attention matrix using two sequential softmax
operations, reducing complexity to O(N). Specifically, given the previous context

Y, € RIWXC with N = H x W spatial locations and C' channels, the query, key,
and value are computed as:

Q = WQ@<@'7 K = WK@<1‘7 V= WV@<Z’7 (11)

where Wg, Wi, Wy, € R¥? are learnable projection matrices. The efficient attention



is then computed as:
Attention(Q, K, V) = softmax,(Q) - (softmax; (K)" - V), (12)

This factorization allows the model to capture global context efficiently by first ag-
gregating value features weighted by keys (O(NC?)), then reweighting by queries
(O(NC)), achieving overall O(NC?) complexity instead of O(N2C') for standard at-
tention.

The global context module processes the entire latent map to capture non-local
correlations, complementing the local quadtree context. The hyperprior module [1]
encodes additional side information z about the latent distribution through an aux-
iliary autoencoder, providing additional priors that improve entropy estimation. The
outputs from all three modules are fused to obtain the final probability distribution
p(Y; | Y-, 2, global context) for arithmetic coding.

3 Experiments

3.1  Training

PORT is trained on 10° images sampled from ImageNet [23], COCO2017 [24], DIV2K [25],
and Flickr2K [26]. The training process consists of two stages and runs for 1M steps
total with a batch size of 8, using the Adam optimizer [27] with a fixed learning rate

of 107* on 8 Tesla V100 GPUs. In the first stage, we optimize PORT using only the
MSE loss to establish a solid baseline. In the second stage, we introduce the unified
loss defined in Equation 1 to enhance perceptual quality.

3.2  Ewaluation

Following [28], we use PSNR, LPIPS (VGG)[13], and DISTS[29] to assess perceptual
quality. All metrics are computed on the reconstructed images saved in PNG format
(8-bit integer).

3.8  Hyperparameters

To meet the three target bit rates of {0.075, 0.15, 0.3} bpp specified by CLIC, we train
three separate variable-rate models by sampling the rate parameter A\, from different
ranges. The complete hyperparameter configuration is summarized in Table 1.

3.4 Main Results

The rate-distortion and rate-perception performance of PORT and baseline methods
are shown in Figure 6. Compared to MS-ILLM and CRDR, PORT achieves significant
performance improvements in terms of LPIPS and DISTS metrics, demonstrating
superior perceptual quality at comparable bit rates.

As illustrated in Figure 7, PORT achieves superior perceptual quality compared
to MS-ILLM and CRDR while using lower bitrates.



Table 1: Hyperparameter configuration for variable-rate training and loss weights.

Hyperparameter  Value
Ar (low rate) (7,64)
Ar (medium rate) (2,25)
A (high rate) (1,9)

Amse 448
ALl 32
Alpips 5.12
Asty 1.28
Aap 1
Aady 3.84
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Figure 6: Rate-Distortion-Perception curves of PORT and the baselines [28,33] on
CLIC 2025 Valid.

3.5  Complexity Analysis

We compare the model size, encoding time, decoding time, and VRAM consumption
on the CLIC 2020 validation set [30]. The results are presented in Table 2. PORT
exhibits significantly faster decoding speeds and lower memory consumption com-
pared to previous approaches, particularly those based on diffusion models such as
CDC [31] and DiffEIC [32]. Notably, PORT achieves the fastest decoding speed and
lowest memory footprint among all compared methods.

CLIC 2025 Test

Method Params (M) Enc Time (s) Dec Time (s) VRAM (GB)
MS-ILLM (ICML’23) 181.5 0.58 0.57 5.10
CRDR (WACV’24) |  127.7 0.51 0.58 4.31
PORT (Ours) 89.6 0.13 0.10 1.62

@ All evaluations are conducted on a Tesla A100-40G GPU with a Xeon(R) Platinum
8336C CPU.

Table 2: Encoding times (s), decoding times (s) and Peak GPU VRAM consumptions
(GB) during encoding / decoding on CLIC 2020 [30].
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Figure 7: Visual comparison of reconstructions from our PORT and state-of-the-art
perception-oriented methods MS-ILLM and CRDR. Please zoom in for better
view.

4 Conclusion

In this white paper, we have presented PORT, a Perception-Oriented Image Compres-
sion framework with fast Decoding for the CLIC 2025 Image Track. PORT integrates
semantic- and patch-wise adversarial learning, ROI-guided bit allocation, variable-
rate gain units, and an advanced entropy model with quadtree and global context
modules. Extensive design choices, including model architecture, perceptual and re-
construction losses, ensure both high perceptual quality and efficient decoding. Our



approach demonstrates the effectiveness of combining perceptual optimization with
fast performance, providing a practical solution for content-aware image compression.
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