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Abstract

Neural image compression often faces a challenging trade-off
among rate, distortion and perception. While most existing
methods typically focus on either achieving high pixel-level
fidelity or optimizing for perceptual metrics, we propose a
novel approach that simultaneously addresses both aspects
for a fixed neural image codec. Specifically, we introduce a
plug-and-play module at the decoder side that leverages a la-
tent diffusion process to transform the decoded features, en-
hancing either low distortion or high perceptual quality with-
out altering the original image compression codec. Our ap-
proach facilitates fusion of original and transformed features
without additional training, enabling users to flexibly adjust
the balance between distortion and perception during infer-
ence. Extensive experimental results demonstrate that our
method significantly enhances the pretrained codecs with a
wide, adjustable distortion-perception range while maintain-
ing their original compression capabilities. For instance, we
can achieve more than 150% improvement in LPIPS-BDRate
without sacrificing more than 1 dB in PSNR.

Introduction

As digital visual data continues to dominate Internet traf-
fic, the development of efficient image and video codecs be-
comes increasingly crucial. In recent years, deep learning-
based codecs have achieved significant advancements in
both image domain (Cheng et al. 2020; Mentzer et al. 2020)
and video domain (Hu, Lu, and Xu 2021; Li, Li, and Lu
2023; Lu et al. 2019, 2021, 2024a). These codecs have
demonstrated a superior compression performance com-
pared to traditional codecs (Bellard 2018; Bross et al. 2021).

Current learning-based image codecs primarily rely on
the transform coding paradigm and variational autoencoders
(VAEs) (Ballé et al. 2018). Most of these models use a rate-
distortion loss function, directly optimizing for low distor-
tion performance. However, distortion-oriented codecs of-
ten exhibit mode averaging behavior at low bitrates (Zhao,
Song, and Ermon 2017), resulting in blurring that signifi-
cantly degrades visual quality for human observers.

Recent studies demonstrate that optimizing for percep-
tual quality can lead to greater compression gains by al-
lowing for imperceptible distortions, thereby reducing the
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Figure 1: Overview of our proposed method. D represents a
plug-and-play adaptive latent fusion module at decoder side
for a base neural codec. We can achieve different distortion
(PSNR) and perception (LPIPS) trade-offs, controlled by .
For simplicity, quantization and entropy coding are omitted.

bitrate. For example, HiFiC (Mentzer et al. 2020) proposes
to use Generative Adversarial Networks (GANs) (Goodfel-
low et al. 2014) to optimize neural image codecs. In con-
trast, CDC (Yang and Mandt 2023) employs a diffusion-
based (Ho, Jain, and Abbeel 2020) decoder to improve
perceptual quality. However, both approaches struggle to
achieve high pixel-level fidelity, as they may introduce high-
frequency noise and unrealistic textures. Blau and Michaeli
(2019) explains this phenomenon by highlighting a funda-
mental trade-off between perceptual quality and distortion.
They suggest that these two goals cannot be fully achieved
simultaneously within a given architecture. We argue that
both pixel-level fidelity and image-level realism are crucial
for neural image compression frameworks. The inability to
achieve both metrics simultaneously is a significant limita-
tion in current image codecs. Given this limitation, an ideal
codec should have the flexibility to traverse between differ-
ent distortion-perception trade-offs at a given bitrate.
Recent research has explored flexible distortion-
perception tradeoffs in image compression. A notable
example is MRIC (Agustsson et al. 2023), which introduces
a hyperparameter in the loss function to balance perception
and distortion. This hyperparameter also serves as a condi-
tion for the decoder to adjust its reconstruction. However,



this approach requires training the entire model from scratch
and suffers from the inherent instability of GAN training.
In this paper, we propose a novel compression pipeline
that allows for a controllable trade-off between distortion
and perception for a fixed pretrained codec, as illustrated in
Fig. 1. Specifically, we introduce a plug-and-play adaptive
latent fusion module at the decoder side, which transforms
the decoded latent representations using a latent diffusion
process (Rombach et al. 2022). This process allows repre-
sentations originally optimized for low distortion to be con-
verted to prioritize high perceptual quality, and vice versa.
Assuming the base neural image codec is distortion-
oriented, we first develop an auxiliary encoder, used only
in the training stage, to generate guiding information opti-
mized for perceptual quality. We then train the adaptive la-
tent fusion module using perceptual loss while keeping the
base codec’s parameters fixed. In the inference stage, we
fuse the original decoded feature with outputs from diffu-
sion step based on user’s preference, and the fused features
are decoded by the original decoder. When integrated with
existing variable bit rate schemes, our proposed model fa-
cilitates a trade-off among rate, distortion, and perception
within a unified framework. Extensive experiments demon-
strate the effectiveness of our framework. For distortion-
oriented codecs, we achieve a more than 150% improvement
in LPIPS-BDRate with less than 1 dB sacrifice in PSNR.
Our main contributions are as follows:

* We introduce an adaptive latent fusion module that en-
ables controllable reconstruction at the decoder side, of-
fering varying distortion-perception trade-offs.

¢ Our method serves as a plug-and-play module for fixed
pretrained neural image codecs and is compatible with
various compression frameworks.

Related Work

Image Compression. Image compression aims to reduce
storage size by exploiting intra-image redundancy. Tradi-
tional image coding standards, such as JPEG (Wallace 1991)
and BPG (Sullivan et al. 2012), employ manually designed
modules like DCT to enhance compression performance,
guided by the rate-distortion principle. In this context, dis-
tortion is typically measured using mean square error.

Recently, VAE-based Neural Image Compression (NIC)
methods (Minnen, Ballé, and Toderici 2018; Cheng et al.
2020; He et al. 2021; Zhu, Yang, and Cohen 2022; Zheng
and Gao 2024) have experienced significant advancements,
surpassing the current state-of-the-art traditional image
codecs like VVC (Bross et al. 2021). One of the represen-
tative works is the hyperprior-based method (Ballé et al.
2018), which models latents using extracted hyperprior in-
formation for enhanced compression. Subsequent research
has further improved compression performance through
more sophisticated architecture (Cheng et al. 2020; Zhu,
Yang, and Cohen 2022) or entropy model (He et al. 2021).
However, it is noteworthy that most existing works optimize
codecs based on the rate-distortion strategy, potentially in-
troducing blur artifacts at low bitrate settings.
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To address these issues and enhance the realism of com-
pressed images, researchers have introduced the percep-
tion loss to optimize the image codecs. At this juncture,
the majority of mature technologies in this field are GAN-
based. For example, HiFiC (Mentzer et al. 2020) achieves
much more realistic results at low-bitrate settings. MS-
ILLM (Muckley et al. 2023) introduces a non-binary dis-
criminator, further enhancing the perceptual quality of re-
constructed images.

Diffusion Probabilistic Models. Denoising diffusion
probabilistic models (DDPMs) (Ho, Jain, and Abbeel 2020)
generate data through a series of iterative stochastic de-
noising steps. The joint distribution of the data z( and
the latent variable x1.7 is learned through the model, i.e.,
po(z0) = [peo(xo.r)dz1.7. The goal of DDPMs is using
network eg(z¢, t) to predict noise € from a noisy image x; at
a noise level ¢, where the noise ¢ is used to perturb a partic-
ular image x¢ through ;(x¢) = /ozxo + /1 — aye.
DDPMs have demonstrated success in various application
areas, including image and video generation (Podell et al.
2024; Lu et al. 2024b), super-resolution (Wang et al. 2023;
Luo et al. 2024), and restoration (Yu et al. 2024). Recent
research has extended their application to image compres-
sion. CDC (Yang and Mandt 2023) uses the diffusion model
as a decoder, employing compressed features as conditions
to guide the diffusion process in the image domain. HFD
(Hoogeboom et al. 2023) implements the diffusion model
as an image restorer, using the low-quality decoded image
to condition the diffusion process. Latent Diffusion Mod-
els (LDMs) proposed by Rombach et al. (2022) execute the
diffusion process in latent domain of VAE. While Careil
et al. (2023); Pan, Zhou, and Tian (2022) have applied LDM
paradigm to image compression, they all focus on ultra-low
bitrates, where reconstruction preserves only semantic infor-
mation, not pixel-level fidelity. We aim to explore LDM ap-
plications at a more general bitrate setting, seeking to main-
tain low distortion while achieving high perceptual quality.
Given the fundamental trade-off between perceptual qual-
ity and distortion, all of the aforementioned compression
works focus on achieving either lower distortion or better
perceptual quality. Approaches focusing on reducing distor-
tion tend to result in blurring at low bitrates, while those pri-
oritizing perceptual quality often introduce unrealistic noise.

Distortion-Perception Trade-off in Compression. Since
it is challenging to optimize both simultaneously, there are
attempts to allow users to choose between the two. Zhang
et al. (2021) propose achieving this trade-off through dif-
ferent decoders. Yan, Wen, and Liu (2022) introduce an ap-
proach using two decoders with interpolation in the image
domain. MRIC (Agustsson et al. 2023) introduces a hy-
perparameter 3 at training and inference stages to control
the weight of distortion and perception. Building on this,
Iwai, Miyazaki, and Omachi (2024) proposes controlling the
quantization process with hyperparameters ¢, 8 to achieve
tunable rate, distortion, and realism. DIRAC (Ghouse et al.
2023) adopts an approach similar to HFD (Hoogeboom et al.
2023), where the output of the diffusion model is a residual
added to the original low-quality image. This method can
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Figure 2: Illustration of the proposed method. For simplicity, we assume the base NIC is distortion-oriented. (a) represents the
inference stage of our proposed pipeline. (b) and (c) represent the training procedures. We first train an auxiliary encoder ¢/,
for the fixed base neural codec. Then, we train a plug-and-play adaptive latent fusion module to transform the original latent
representations into features optimized for perceptual quality.

control the diffusion steps to achieve a distortion-perception
trade-off.

However, these methods require training the entire model
from scratch, limiting their ability to leverage the strengths
of pretrained codecs. In contrast, we propose a plug-and-
play module, akin to the plug-and-play characteristic of
the mask sampling module in Liu et al. (2023), to address
the limitations of the original codec without modifying it,
thereby preserving its inherent advantages.

Proposed Method

Overview

The framework of our proposed method is shown in Fig. 2
(a). To achieve a controllable distortion-perception trade-off,
we introduce a plug-and-play adaptive latent fusion module
on the decoder side of the existing pretrained codec. Our
module can transform the original distortion-oriented fea-
tures into perception-oriented features and vice versa. It also
enables the fusion of these two types of features through
weighted interpolation, resulting in decoded images with
varying distortion-perception trade-offs.

Our approach is flexible and can be applied to various
baseline codecs, whether distortion-oriented or perceptual-
oriented. Here we use a basic VAE codec as an exam-
ple. Specifically, the decoded latent feature ¢, obtained by
arithmetic decoding (AD), serves as the diffusion condition.
Guided by the distortion-perception trade-off parameter 7,
the adaptive latent fusion module generates a controllable
feature y with varying distortion-perception tradeoffs trough
multiple diffusion steps. Finally, the fixed decoder g, con-
verts g into a decoded image . Our pipeline enables control-
lable reconstruction without modifying the existing network
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architecture or retraining the model.

Auxiliary Encoder for Baseline NIC

While many studies have focused on optimizing image com-
pression architectures, a classical VAE architecture is illus-
trated on Fig. 2 (b). The corresponding loss function is as
follows:

min R(Q(ga(x))) + B - L(x,95s(Q(ga(2)))), (D)

where () denotes quantization and R (-) represents the bitrate
of the quantized latent representation. In distortion-oriented
methods, £(z,2) = ||z — #||3 is used to measure distortion
between the input and the reconstruction. For perception-
oriented methods, £(x, &) is defined based on the perceptual
metrics such as LPIPS (Zhang et al. 2018).

For clarity, we assume that our base neural codec is
distortion-oriented unless otherwise specified in this paper.
In the proposed framework, we aim to transform the existing
quantized feature ¢ to the controllable feature ¢ optimized
for perceptual metrics. However, this transformation is non-
trivial since the distributions of latent features optimizing
for distortion or perception could be totally different, which
is challenging even for the powerful diffusion methods. To
address this issue, we further propose an auxiliary encoder
to generate the corresponding guiding information, which is
only used in the training stage.

Specifically, as shown on Fig. 2 (b), we introduce auxil-
iary encoder g/, with the same structure as the original en-
coder g,, directly connected to the fixed original decoder
gs during training. We optimize g/, by minimizing percep-
tual loss between input and reconstruction, such as LPIPS,
while keeping all other modules frozen. Then the optimized
feature y will preserve more perceptual information and is
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Figure 3: Overview of the latent diffusion process. For sim-
plicity, we omit quantization and entropy coding modules. 7
controls the diffusion process to achieve different tradeoffs.

employed as the auxiliary information for the training of our
adaptive latent fusion module.

Adaptive Latent Fusion

Our proposed Adaptive Latent Fusion module transforms
the decoded ¢ into the controllable feature g, allowing for
a desirable reconstruction that balances distortion and per-
ception. The overview of this procedure is shown in Fig. 3.
The compressed latent g serves as a condition for the diffu-
sion process and can be fused with the transformed feature
during inference.

The architecture of our network, dubbed D, is shown in
Fig. 4. We employ the classical latent diffusion architecture,
which consists of M units, each containing two time-aware
ResNet blocks and an attention block. To utilize the condi-
tional information like the original feature ¢ for the diffu-
sion procedure, we generate condition information using the
same unit and perform conditioning by concatenation. In ad-
dition, given the complexity of predicting noise for features
with large channels and the strong condition g, we directly
learn transformed features 7 instead of the noise, based on
the original feature ¢ and the pseudo-continuous variable
%. More importantly, we further use the hyper-parameter 7
to control the diffusion procedure and produce the features
with varying distortion-perception trade-offs.

Training. As shown in Fig. 2 (c), we use the auxiliary en-
coder to generate auxiliary information ¥ as the training tar-
get. During training, we add noise to the decoded feature .
Thus, the diffusion inputis given by §; = /o J++/1 — ae,
where a; = [['_,(1 — B5) and $; € (0,1) is a monotoni-
cally increasing sequence of noise scheduler. ¢ is randomly
sampled from [0, 7] during training. We use the pseudo-
continuous variable % to indicate noise intensity to the
model. This allows us to use an arbitrary and fewer number
of denoising steps during inference.

We disregard noise level ¢ and directly input the result
of D at each step into the decoder g,. The LPIPS distance
between the reconstructed image and the original image is
included in the loss function. The training loss function for
adaptive latent fusion module is formulated as follows:
ot @
Y, Y, T ) ) )a )
where the first term represents the loss for the diffusion pro-
cedure and the second term represents the reconstruction
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Figure 4: Architecture of our Adaptive Latent Fusion mod-
ule. ResBlock(N) represents the ResBlock units with N
channels. Conv(M,N) is a convolution layer with N chan-
nels, with M x M filters.

loss in image compression. A is a trade-off parameter for
different losses.

Inference. During inference, we follow DDIM (Song,
Meng, and Ermon 2021), which replaces the original
Markov process with a deterministic generative process to
improve sampling speed. Our method aims to generate a de-
codable feature directly and calculate the predicted noise.
As shown in Fig. 3, to differentiate from the training pro-
cess, we refer to g, as the noisy feature during inference.
At timestep ¢ given the predicted result D(gy, 3, %), we can
GJt—/D(§e,5,%)
Vi-ag ’
which is the predicted noise. The sampling process can be

formulated as:
- ..t .t
Ti—1 = /u—1D(G, Y, f) + /1 —a_1€(Ge, 9, T)’ 3)

We can use the above recurrence equation to sample g;—1
from g, as t gradually decreases from 7" to 0, while yr ~
N(0,1). It should be noted that we use different values for
T in the training and inference process, which significantly
reduces the number of diffusion steps required for inference.

In practice, different scenarios have different require-
ments for distortion and perception. Therefore, we aim to
achieve a controllable trade-off between them during the in-
ference phase. We use the following equation to guide the
sampling process and apply 7 for weighted interpolation be-
tween the predicted output ;1 and the original latent ¢.

. ..t .
Tp—1 = J/oap_1[(1 — 7'2) X D(Jt, U5 T) + 72 % 9]

ot
+ (=72 % VT = €@ 3 75),

We use 72 instead of 7 to ensure that the two latent repre-
sentations are weighted appropriately, achieving a more lin-
ear control effect. The parameter 7 ranges from [0, 1], where
7 = 0 results in outputs composed entirely of perception-
oriented latents. Conversely, When 7 = 1, ¢y = ¢, which

derive the equivalence with €(7;, J, %) =

“4)
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Figure 5: Trade-offs between bitrate and different metrics for various base codecs tested on Kodak dataset. Arrows in the plot
titles indicate whether high(1) or low(]) values indices a better score.

corresponds to the base codec. The final decoded image 7 is tional VVC codec. HiFiC (Mentzer et al. 2020), a GAN-
obtained by inputting the last g into the decoder g;. based codec trained for specific rate-perception trade-offs,
exemplifies a leading perceptual codec. CDC (Yang and

Experiments Mandt 2023) uses a conditional DDIM decoder to gener-

ate reconstructions from latent representations, providing

Experimental Settings distortion-oriented (CDC) and perception-oriented (CDC-

Training Details. For training, we use a high-quality Ipips) models. MRIC (Agustsson et al. 2023) introduces /3
Flickr2W dataset (Liu et al. 2020), and randomly crop im- to achieve various distortion-perception tradeoffs. We limit
ages to a resolution of 256 x 256. To train the auxiliary comparisons to studies with publicly available codes and
encoder and the adaptive latent fusion module, we use the models for consistent testing and evaluation.

AdamW optimizer with a batch size of 32. The learning rate

is maintained at a fixed value of 5 x 1075, Main Results

Distortion-Perception Trade-off Ability. As a plug-and-
play approach, our approach can be easily integrated with
the existing image codecs. We select two representative
methods, Cheng et al. (Cheng et al. 2020)(denoted as
Ours(Cheng2020)) and HiFiC (Mentzer et al. 2020)(denoted

Evaluation. We evaluate our method using both distor-
tion metrics and perceptual quality metrics. All evalua-
tions are performed on full-resolution images. We select
eight widely used metrics for image quality evaluation. To
measure distortion and perception, we use PSNR, SSIM,

DISTS, LPIPS (Zhang et al. 2018), FID (Heusel et al. 2017) as Ours(HiFiC)) as our base codecs and evaluate the versa-
CLIP-Ib A (Wang, Chan, and Loy ’2023) and NIQE (Mittal’ tility and effectiveness of the proposed approach. More test
Soundararajan, and Bovik 2013). Among these metrics, FID, results .for other base models can be found in the Appendix.
CLIP-IQA, NIQE are non-reference metrics, while others In Fig. 5, the shaded area represents the adjustable rate-

distortion-perception range achievable by a single model.
Our model is presented in two configurations: 7 € {0, 1}.
When 7 = 1, our codec is equivalent to the base codec.
When 7 = 0, the optimization direction of our loss is op-
posite to the original codec. It is noted that our proposed

are full-reference metrics. When calculating FID, we follow
the procedure of previous compression works (Mentzer et al.
2020) by segmenting images into non-overlapping patches
of 256 x 256 resolution. The evaluations are conducted on
two common image compression benchmark datasets: the

CLIC2020 test set and the Kodak dataset. approach can achieve a wide range of trade-offs between
distortion and perception in different bitrates. In addition,

State-of-the-art Methods. We compare our method with our pipeline preserves the original codec and this enables

several representative neural compression approaches. us to maintain state-of-the-art (SOTA) performance in areas

MSHyper (Ballé et al. 2018) introduces the hyperprior for where the original codec excels.

enhanced compression. Cheng2020 (Cheng et al. 2020) em- For the distortion-optimized base codec, our approach,

ploys an attention mechanism and outperforms the tradi- Ours (Cheng2020, 7 = 0), achieves a significant improve-

10729



(29.66dB) 7=10 (30.21dB)

28.74dB) 7=10.3 29.20dB) 7 = 0.5 (29.62dB) Cheng@0.05bpp (29.84dB)

HiFiC@0.11bpp (29.32dB) = 0.8 (29.37dB) 7 = 0.5

Original

Ours(HiFiC)
0.11bpp

Perception Distortion

Figure 6: Kodak reconstructions of our method for different rate-distortion-perception. Shown scores are for full image.

3 PSNR?T FID|
0.40 L 0.11bpp
=
40 x.
> =038
36 | 035F 77T —— MRIC@0.32bpp MRIC@0.13bpp
30 e
T 0.30F
20 : r=03 N
32 0.25¢ 02600
10 = 0.20 f-13bp
N = =03
»»»»»»»»»»»»»»»»»»»»»»» =0 Ny
28 o 0151 T e ]
0.1 0.2 0.3 0.4 0.1 0.2 0.3 0.4 i
***** CDC —— Ours(Cheng2020) Ours(HiFiC) 0.10}F
CDC-lpips Cheng2020 ~ --+- HiFiC

B =256
0.05F

Figure 7: Trade-offs between bitrate and different metrics for

. % 30 3 31 36
various models tested on CLIC2020 test set. Ours are shown PSNR?

with 7 = 0.
Figure 8: Distortion (PSNR) vs. perception(LPIPS) on Ko-

dak for different rate-distortion-perception tradeoffs.

ment over the original Cheng’s method, enhancing LPIPS-
BDRate by 158.75%, which corresponds to an average

LPIPS gain of 0.096, with only a modest PSNR degradation perceptual quality. Ours(Cheng2020, 7 = 0) significantly
of 1.08 dB on average. On the high-perception side (7 = 0), outperforms CDC-lpips in terms of PSNR while achiev-
our method matches or surpasses the state-of-the-art gen- ing a similar LPIPS score. Additionally, it surpasses CDC
erative approach HiFiC in DISTS, while also delivering a in LPIPS and FID while maintaining a similar PSNR. De-
substantial average PSNR improvement of 1.48 dB. spite not achieving the most SOTA performance in percep-

For the perception-oriented base codec, compared with tual metrics due to the fixed decoder and the inherent lim-
the original HiFiC approach, our approach Ours(HiFiC, 7 = itations of encoder-extracted features, we observe substan-
0) saves 22.59% bitrate in terms of PSNR performance on tial enhancement in perceptual quality and achieve com-
Kodak dataset. On the low-distortion side (r = 0), we parable results with perception-oriented models, which is
match or outperform the state-of-the-art distortion method the main purpose of our design. In fact, given such a low
Cheng2020 in SSIM and MS-SSIM, while also significantly LPIPS, further reductions may not yield perceptually sig-
outperforming it in perceptual quality. nificant improvements but could potentially introduce more

high-frequency noise at low bit rates.
Comparison with SOTA Methods. Fig. 7 provides more

results when comparing our approach (7 = 0) with existing Rate-Distortion-Perception Trade-off. Our method en-
image codecs in the CLIC2020 dataset. ables the transformation of distortion and perception-

When compared with CDC method, which also employs oriented latent representations, allowing for a flexible trade-
a diffusion model, Ours(HiFiC, 7 = 0) achieves a compa- off between these dimensions during the inference phase.
rable distortion performance, while significantly enhancing By combining this approach with a variable bitrate scheme,
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we can achieve a three-dimensional exploration of the rate-
distortion-perception tradeoff. Here we apply the variable
bitrate method proposed by (Cui et al. 2021) to the baseline
method (Ballé et al. 2018), denoted as Ours(MSHyper).

As illustrated in Fig. 8, we evaluate the effect of differ-
ent 7 values (7 € {0,0.3,0.5,0.8,1}) at various bit rates.
Our results Ours(MSHyper) demonstrate that the proposed
approach performs a controllable and smooth traversal be-
tween low distortion (high PSNR) and high perceptual qual-
ity (low LPIPS). MRIC (Agustsson et al. 2023), on the other
hand, is not a variable bitrate scheme and involves training
the entire model from scratch, resulting in a non-linear and
less controllable tradeoff between distortion and perception.
Their method shows little or no change from § = 0.64 to
B = 2.56, making their methods less controllable. Our ap-
proach allows for a linear transition between distortion and
perception. Our method can achieve a much larger range
of conversion, significantly improving perceptual quality, as
evidenced by a 170% improvement in LPIPS-BDRate.

Quantitative Results. The quantitative results are pre-
sented in Fig. 6. When 7 1, our codec is equivalent to
the base codec. Ours(Cheng, 7 = 0) generates reconstructed
image with comparable perceptual quality to HiFiC, achiev-
ing much higher PSNR even at a significantly lower BPP.
Decreasing 7 results in a drastic change in perceptual qual-
ity. Ours(HiFiC, 7 = 0) increases PSNR while maintaining
more texture details, avoiding the smoothness and blurriness
that Cheng exhibits. Decreasing 7 slightly reduces recon-
struction texture while boosting PSNR.

Ablation Study

Effectiveness of Latent Diffusion Module. As shown in
Table 1, we evaluate two variants. Negative values indicate
bitrate savings compared to our method. Variant-1 excludes
the diffusion process, omitting the auxiliary encoder and its
associated loss. Our method outperforms Variant-1 in both
PSNR and LPIPS, demonstrating the effectiveness of the la-
tent diffusion process and auxiliary encoder. As shown in
Fig. 10, Variant-1’s features reveal a critical issue: PSNR
fails to correlate positively with 7 when fused with untreated
features. While this design can decode the original features
and produce modified features, it fails to achieve effective
fusion of these two through simple weighted interpolation.
To obtain Variant-2, the decoder is unfrozen and trained
jointly. While Variant-2 achieves results similar to ours in
terms of LPIPS and better PSNR, the decoder cannot handle
unprocessed latents from the encoder as it has been modi-
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. . BDRate
Methods |Diffusion Process | Decoder PSNR  LPIPS
Ours v X 0 0
Variant-1 X X |+691% +4.69%
Variant-2 X vV o |-236% +0.63%

Table 1: Ablation study on different variants of our model
on Kodak dataset.
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T

Figure 10: Comparison of PSNR values with varying hyper-
parameters 7 across different methods.

fied. Consequently, Variant-2 does not offer the same flexi-
bility in distortion-perception trade-offs as our method.

Generation Speed. We investigate the impact of sampling
timesteps on the reconstruction quality. The trade-off be-
tween generation speed and quality is illustrated in Fig. 9.
Our method achieves competitive performance with just 10
timesteps, adopted as the default setting. However, exceed-
ing 10 timesteps degrades LPIPS scores, as the diffusion
module introduces excessive high-frequency components,
causing a drift from the original content. In comparison,
CDC (Yang and Mandt 2023) employs DDIM in the pixel
domain with 17 timesteps for direct image output.

Conclusion

In this paper, we present a plug-and-play method for neu-
ral image codecs, which allows for various distortion-
perception reconstruction tradeoffs from a single latent rep-
resentation. An adaptive latent fusion module can either
transform the feature to a high-perception or a low-distortion
one. We keep the image codecs unchanged, but allow the
trade-off between realism and distortion to happen on the re-
ceiver side, with no change in the bit stream. By integrating
with the variable bitrate codecs, users can select the desired
rate and switch between reconstructions which are as close
to the original as possible and those with a better level of
detail. Experiments demonstrate that our method works ef-
fectively with both distortion-driven and perception-driven
models, achieving remarkable performance improvements
in areas where the original codec is less effective, while min-
imally sacrificing their respective advantages.
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