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Abstract. Joint image compression and denoising present a significant challenge for
the emerging JPEG Al standard, which requires a single learned encoder to generate a
compressed bitstream compatible with multiple decoders. In this work, we demonstrate
an effective and adaptable approach to enhancing framework performance in the noise
domain for different noise levels by employing distinct training strategies for the encoder
and decoder branches of the multi-task system. We test our approach on real noisy data
from the Smartphone Image Denoising Dataset (SIDD) across six rate—distortion trade-
offs and two sensor gain ranges, representing low and high noise levels. Our approach
reduces bitrate allocation in the noise domain by up to 30% at an equivalent peak signal-
to-noise ratio (PSNR) while enabling accurate restoration of the original noise—all within
a single decoding pass.

1 Introduction

In real-world imaging pipelines, denoising (D) and compression (C) are almost always applied in se-
quence—either D—C or C—D —yet each ordering incurs its own penalty. In the D—C pipeline, denois-
ing removes sensor noise but also attenuates high-frequency details (e.g., fine textures and edges) that
modern codecs leverage for efficient transform coding[l], resulting in either oversmoothed reconstruc-
tions or a compensatory bitrate increase. Conversely, the C—D order forces the compressor to allocate
bits to irrelevant noise, which the subsequent denoiser then discards[15]; moreover, residual compression
artifacts can amplify perceptual noise, yielding unnaturally speckled outputs. To reconcile these con-
flicting objectives, the forthcoming JPEG Al standard[16] adopts a unified, learned bit-stream: a single
encoder produces a universal latent representation, and multiple task-specific decoders (e.g., for denois-
ing, color enhancement, or high-level vision tasks like detection and segmentation) each extract exactly
the information they require without re-encoding. Recent work has begun to validate this paradigm in
the simplest two-task setting—joint compression and denoising [3, 14, 1]. This unified encoder—multiple
decoder strategy eliminates the inefficient distribution of bits characteristic of serial C—D schemes by
encoding all content in one latent space and letting each decoder pull only the information it needs.
Moreover, JPEG AI further enables an adjustable trade-off between reconstruction fidelity and denoising
capability, allowing practitioners to balance image detail preservation against noise suppression within
a single learned framework, while still enabling access to the original noise residual for photography use
cases [10, 11].

In conventional joint compression—denoising frameworks, the shared encoder is typically trained solely
on clean images[1, 3, 5]. Consequently, when encoding real sensor noise, the encoder either discards valu-
able noise information or encodes it inefficiently, wasting bitrate on irrelevant artifacts. In contrast, JPEG
AT advocates a unified encoder that preserves all image information, including noise, enabling each de-
coder to selectively extract the necessary details. To achieve this, we propose a two-stage, noise-aware
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training approach. First, we fine-tune the shared encoder on real noisy images captured at different ISO
levels, embedding realistic noise statistics directly into the encoder’s latent representations to optimize bi-
trate allocation. Second, we specialize the denoising decoder for specific ISO ranges. Our implementation
combines SegPIC [13], a segmentation-guided compressor, and CGNet [14], a lightweight global-context
denoiser, into a unified forward pass producing both noisy and clean outputs. We refer to this architecture
as SeggazNet.

To isolate the impact of the encoder’s training domain, we compare the vanilla encoder, pretrained
solely on noise-free images, with an identical encoder fine-tuned on real noisy captures from the SIDD
benchmark. We then specialize the denoising decoder by fine-tuning its branch on latent codes from both
low- and high-ISO noise distributions, ensuring it adapts precisely to different sensor noise levels. Across
both scenarios, this training strategy (1) reallocates bit budget away from pure noise—saving up to 30 %
of bits at equal PSNR; and (2) enriches the latent representation with denoising features—gaining up to
2.34 dB PSNR at matched bitrates, while still supporting on-demand noise recovery in a single forward
pass. Our experiments confirm that fine-tuning the encoder on noisy domain data significantly enhances
both rate-distortion performance and denoising fidelity within the JPEG Al framework.

Importantly, these improvements require no modifications to the SeggazNet architecture, demon-
strating that simple encoder fine-tuning alone can enhance multi-task coding gains within the JPEG Al
framework.

Our key contribution is a noise-domain encoder fine-tuning strategy that injects real sensor noise
statistics into the shared backbone, paired with a dual-intensity denoising decoder trained to handle low-
and high-level noise artifacts in latent space.

In what follows, we first survey prior work on joint image compression and denoising, parameter-
sharing strategies in multi-task architectures, and latent-space alignment techniques. In Section 3, we
introduce the end-to-end framework that we define for this study, detailing the segmentation-guided
compression backbone, the lightweight neural adapter, and the global-context denoiser. In Section 4,
we describes the training and evaluation protocol, including noisy-domain encoder fine-tuning and the
associated loss formulations. Section 5 presents quantitative rate—distortion analyses and qualitative
visual comparisons across low and high levels of noise.

2 Related Work

2.1 Lossy Image Compression

Lossy image compression is a well-studied problem. Many hand-crafted codecs like JPEG[6], JPEG2000[7]
and VVC intra[8] have been proposed and widely adopted in the industry. In recent years, learning-based
lossy image compression methods have attracted more interest as they generally provide a significant rate-
distortion performance boost compared to JPEG/JPEG2000. Among these architectures, a specific type
of generative model called Variational Autoencoder has achieved promising results [9] due to its deep
connection with rate-distortion theory, i.e., the theoretical foundation of lossy image compression.

2.2 Joint Compression—Denoising

Methods that integrate denoising into the compression pipeline by sharing a single latent representa-
tion have shown dramatic bitrate savings and flexible noise handling. Alvar et al. [1] introduced a
scalable latent-space partitioning approach, Joint Image Compression and Denoising (JICD), that splits
the encoder’s output into a “base” layer for the clean image and an “enhancement” layer for residual
noise. When only a denoised output is needed, the enhancement layer is omitted, yielding up to 80 %
bitrate savings; when the original noisy image is required, both layers are decoded. Cheng et al. [3]
propose a noise-aware compressor with parallel clean-guidance branches, encouraging the shared encoder
to suppress noise pre-quantization. Building on these, recent works leverage contrastive objectives for
orthogonal signal-noise disentanglement [5] and multi-branch teacher-student guidance[20]. Departing
from prior methods, our approach fine-tunes only the encoder on real noisy data to enrich the latent
space with denoising features, while preserving compression performance and maintaining the original
architecture. In parallel, we specialize the denoiser for different noise levels to enhance adaptation to
real-world sensor characteristics.

In contrast to prior methods that modify the architecture [1, 3, 5], we preserve the original design
and achieve strong performance through encoder fine-tuning and decoder specialization. Building on our
earlier work in mobile image compression [17, 19], we address, in this work, compression and denoising
under real sensor noise within a unified framework.

2.3 Parameter Sharing
The choice of how to share parameters across tasks critically affects multi-task performance[2, 25, 18].
Hard sharing enforces a single encoder for all tasks with task-specific decoders, as in the JPEG Al vision
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[18]. Soft sharing augments a shared backbone with lightweight modules (e.g. cross-stitch units [21],
adapter layers [22]) to balance shared vs. private capacity. We follow the same hard-and-soft sharing
principles, but demonstrate that encoder pre-training on noisy data alone can unlock both improved
compression efficiency and richer denoising features in a single shared backbone.

3 SeggazNet Architecture

We explore how an encoder’s training, whether pretrained on clean images or fine-tuned in the noise
domain—affects the joint compression and denoising performance of a single JPEG Al bitstream. Beyond
fine-tuning on real noisy data, we introduce a specialized decoder trained to target either low-ISO or
high-ISO latent patterns. To demonstrate this, we present SeggazNet, an end-to-end architecture that,
from one compressed bitstream, simultaneously reconstructs a noise-retained image and produces a fully
denoised output (see Figure 1).

Irnois

Reconstruction Decoder

Loisy SegPIC Decoder (b) F—————

Latent Latent
representation representation

SegPIC
Encoder (a)

I genoised
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Figure 1: Overview of SeggazNet, showing the encoder SegPICEnc, quantizer @, arithmetic coder (AC)
and decoder (AD), and SegPIC decoder + neural adapter + CGNet denoiser. The shared SegPIC
encoder (a) ingests the noisy input and produces a 320-channel latent vector code via segmentation-guided
transforms and a hyperprior. That same latent is quantized (Q), entropy-coded (AC) to a bitstream and
decoded (AD) back to ¢, then decoded by SegPIC (b) to reconstruct the noisy image. In parallel,
the latent vector passes through a lightweight neural adapter to reshape it for CGNet’s global-context
denoiser (c), yielding the clean output. Both noisy and denoised outputs emerge from one bitstream in
a single forward pass.

3.1 Compression Branch (SegPIC Encoder):

In our framework, the noisy input image Ioisy € RIXWX3 g first analyzed by the SegPIC encoder
SegPICEnc to produce a continuous feature tensor y = SegPICEnc(Inoisy) € R16 %16 %320 This tensor
is quantized via § = Q(y) € Z16% 16320 entropy-encoded into a bitstream by AC(ylpg) = bitg, and
reconstructed by the arithmetic decoder Z := AD(bity|pg). The single recovered latent Z now drives
both output branches in one forward pass: the SegPIC decoder SegPICDec reconstructs the noisy image
as fnoisy = SegPICDec(%), while in parallel a lightweight neural adapter upsamples and reshapes
for the CGNet denoiser, yielding the clean result Tdenoised- By quantizing and coding only once, we
avoid redundant transforms and jointly optimize rate-distortion performance for both noise-preserved
reconstruction and denoising.

3.2 Reconstruction Branch (SegPIC Decoder):
The compressed latent 2 is fed into the SegPIC decoder, which applies learned transpose-convolutions and
upsampling enhanced by a Window Attention Module (WAM) and a Region-Adaptive Transform (RAT)
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to produce the noisy output fnoisy. This branch preserves sensor noise in the reconstruction, enabling
on-demand noise retention without additional passes through the network.

3.3 Denoising Branch (Neural Adapter & CGNet):

The same latent Z is routed through a neural adapter that first upsamples the spatial resolution and
reduces the channel dimension from 320 to 3 via four transposed-convolution layers (doubling the height
and width at each step).Only the adapter transforms the latent vector and produces the structural cues
that feed into the CGNet denoiser. CGNet’s encoder extracts multi-scale features, its Global Context
Extractor (GCE) modules aggregate long-range dependencies through cascaded small-kernel convolutions,
and its channel attention blocks. Finally, the CGNet decoder uses convolutional upsampling and skip
connections to reconstruct the clean image Tienoisea = CGNet (Adapter(é)).

4 Training and Inference
4.1 Dataset
We use in this work the Smartphone Image Denoising Dataset (SIDD) [15], a high-quality benchmark
designed to reflect real-world smartphone image noise. SIDD contains approximately 30000 noisy images
captured across 10 scenes using five smartphone cameras under varying lighting conditions. Each noisy
image is paired with a noise-free ground truth image, estimated via a multi-frame averaging and alignment
pipeline tailored to compensate for optical stabilization, radial distortion, and clipping artifacts. This
procedure ensures accurate noise-free even in low-light settings.

For our experiments, we select two ISO-conditioned subsets from the SIDD dataset: a low-ISO
(50-800) set, consisting of 64192 cropped images to simulate low noise levels; and a high-ISO (6400-12800)
set, consisting of 2112 cropped images to capture the severe real noise typical of night photography.

4.2 Training
The training process consists of two stages: encoder adaptation and denoising decoder training.

Stage 1: Encoder Domain Adaptation. We initialize the encoder weights from the original SegPIC
encoder pretrained on the COCO-Stuff dataset [23] for 400 epochs (batch size 32, 32 workers), using an
initial learning rate of 1 x 10=% decayed via ReduceLROnPlateau (16-epoch patience) to a minimum of
5x 1078, To achieve domain adaptation to real noisy data and various rate-distortion trade-offs, we fine-
tune the initialized encoder weights on real noisy captures from the SIDD dataset for 100 epochs, using
identical hyperparameters and varying the rate-distortion weight A € {0.0018, 0.0035, 0.0067, 0.0130,
0.0250, 0.0483} to balance bitrate and reconstruction quality. The optimization minimizes the recon-
struction loss defined as: . )

Lriccon =17+ )\HInoisy - IrmisyH27 (1)

where 7 is the estimated bitrate (in bpp), Inoisy is the SegPIC-decoded noisy image, Inoisy is the original
noisy input, and A is the selected rate—distortion weight.

Stage 2: Task-specific decoder training. With the encoder fixed—using either the original pretrained
weights or the fine-tuned noisy domain weights—we train the neural adapter and the CGNet denoiser on
latent representations extracted from noisy inputs. To specialize the decoder for different ISO levels, we
use separate subsets of the SIDD data corresponding to low-ISO and high-ISO. Both the neural adapter
and the CGNet denoiser are trained for 100 epochs on 128 x 128 patches (batch size 8, initial learning
rate 5 x 107° with ReduceLROnPlateau scheduling). We optimize the denoising decoder by minimizing
the loss

L:denoise = Hfdenoised - Iclean”ia (2)

where fdenoised is the CGNet output and I;jeay is the noise-free ground truth.
Note that for the reconstruction branch, we did not specialize training on either low or high ISO; the
reconstruction decoder remained frozen throughout.

4.8 Inference

To analyze the effect of noise-domain encoder training, we evaluate four SeggazNet variants (see Table 1),
each defined by a specific encoder configuration—either pretrained on clean images or fine-tuned on noisy
data—and tested under distinct noise regimes (low or high ISO). For each model, we exploit six values
of the rate-distortion trade-off parameter A, giving bitrates ranging from 0.05 to 3.2 bpp. Performance
is assessed using PSNR and BD-rate on both ISO-specific subsets and the complete SIDD test set.
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Table 1: SeggazNet Encoder+Decoder combinations

Model Encoder Reconstruction Decoder Denoising Decoder

SeggazNet_pl Pretrained weights Pretrained weights Fine-tuned on low-ISO
SeggazNet_ph Pretrained weights Pretrained weights Fine-tuned on high-ISO
SeggazNet_nl  Fine-tuned on full SIDD Pretrained weights Fine-tuned on low-ISO
SeggazNet_nh Fine-tuned on full SIDD Pretrained weights Fine-tuned on high-ISO

The reconstruction branch outputs from SeggazNet_pl and SeggazNet_ph are identical,the same applies
to SeggazNet_nl versus SeggazNet_nh. Our method reuses the SegPIC encoder and fixed decoder with
minimal overhead; the added CGNet branch runs at 52ms with 62.1 G MACs per 256 x 256 image and
<1GB memory usage [14].

5 Results
In this section we quantify the rate—distortion performance of SeggazNet on SIDD and show visual
reconstructions and denoising under varying noise levels.

5.1  Quantitative Fvaluation

Figure 2 shows PSNR versus bits-per-pixel (bpp) curves for the denoising branch on low-ISO, high-ISO,
and the full SIDD dataset. SeggazNet nl and SeggazNet_nh (solid) consistently outperform SeggazNet_pl
and SeggazNet_ph (dashed), yielding BD-rate[24] savings of up to 30% (see Table 2) over the pretrained
encoder SeggazNet_(pl/ph). As shown in the figure, CGNet applied to the uncompressed images (24.00
bpp) sits at the top of the PSNR curve—however, SeggazNet variants run just below it across all bitrates,
illustrating their ability to perform denoising in tandem with compression from a single bitstream. As
highlighted in Fig. 2(c), SeggazNetnl achieves the highest PSNR across the entire bitrate spectrum,
thanks to noisy-domain encoder fine-tuning and the high volume of low-ISO examples in SIDD. Mean-
while, the high-ISO variant SeggazNet_nh trained on fewer images examples—still exceeds its clean-only
counterpart at higher bpp.

Denoising test on low ISO SIDD Denoising test on high ISO SIDD Denoising test on all SIDD
a 425{ -a- SeggazNetph ~TTTITITITITITITITITIT
3 100 —— SeggazNet nh
a4 -=- SeggazNet pl ~ ———————
3751 —— SeggazNet_nl
_ 2 _ ggazNet_nl
e g g 350 — = CGNet (43218) e
< Z 30
G a0 &
& &
i 28 - /
28 S -=- SeggazNet_p| / -=- SeggazNet_ph
- S —e— SeggazNet_n| 2 \\ / —e— SeggazNet_nh
el 4y — .~ CGNet (45.92dB) £V —— CGNet (35.33dB)
Y 02 04 06 08 10 05 10 15 20 25 30 02 04 06 08 10 12 14 16
Bits per pixel (bpp) Bits per pixel (bpp) Bits per pixel (bpp)
(a) Low-ISO (b) High-ISO (c) ALI-LISO

Figure 2: Rate-distortion (PSNR vs. bpp) for the denoising branch on SIDD under two noise levels.

Reconstruction test on low ISO SIDD Reconstruction test on high ISO SIDD Reconstruction test on all SIDD

-=- SeggazNet_(pl/ph)
—— SeggazNet_(nl/nh)

-=- SeggazNet_(pl/ph)
—— SeggazNet_(nl/nh)

354 -~ SeggazNet_(pl/ph)
—— SeggazNet_(nl/nh)

PSNR (dB)
PSNR (dB)
b
PSNR (dB)
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Bits per pixel (bpp) Bits per pixel (bpp) Bits per pixel (bpp)

(a) Low-ISO noisy reconstruction (b) High-ISO noisy reconstruction (c) AI-ISO noisy reconstruction
Figure 3: Rate-distortion (PSNR vs. bpp) for the reconstruction branch under two noise levels.

Figure 3 plots PSNR versus bits-per-pixel (bpp) for the noisy-image reconstruction branch applied
to low- and high-ISO images. In both ISO ranges, the encoder fine-tuned on noisy data, SeggazNet_nl
and SeggazNet_nh (solid lines) consistently outperform their pretrained counterparts SeggazNet_pl and
SeggazNet_ph (dashed lines), confirming that encoder adaptation to real noise enhances reconstruction
fidelity. Overall, fine-tuning the encoder on noisy data significantly enhances noise robustness without
compromising compression performance, fulfilling the dual-task objectives of JPEG Al
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Table 2: BD-rate reduction (%) and BD-PSNR gain (dB) when fine-tuning the encoder, for each ISO
regime (Anchors: SeggazNet_(pl/ph) for reconstruction, SeggazNet_pl and SeggazNet_ph for denoising.)

Comparison Task BD-Rate (%) BD-PSNR (dB)
SeggazNet_nl/SeggazNet_pl Denoising (Low ISO) -31.41 +2.19
SeggazNet_(nl/nh)/SeggazNet_(pl/ph)  Reconstruction (Low ISO) -10.33 +0.20
SeggazNet_nh/SeggazNet_ph Denoising (High ISO) -0.53 +0.97
SeggazNet_(nl/nh)/SeggazNet_(pl/ph)  Reconstruction (High ISO) -39.11 +2.34

5.2 Visual Results

Figure 4 presents qualitative comparisons on low- and high-ISO patches from the SIDD dataset. For
each sample from the dataset, we visualize the noisy input, noise-free ground truth (GT), CGNet output,
SeggazNet denoised and reconstructed outputs. Results are shown for both pretrained variants and their
fine-tuned counterparts. As observed, encoder fine-tuning on noisy data significantly improves perceptual
quality—preserving finer textures, and achieving sharper reconstructions. In the reconstruction branch,
across the entire dataset SeggazNet_(nl/nh) variants yield BD-rate reductions of 10.33% at low ISO and
39.11% at high ISO (Table 2) while maintaining visually faithful outputs (see Figure 4).

SeggazNet_(pl/ph) SeggazNet_(nl/nh)
Input (Noisy) GT (Noise-free) CGNet (Denoised) SeggazNet_pl (D SeggazNet_nl (Denoised) (Reconstructed) (Reconstructed)

| |
34.87d8/0.6191bpp. 41.45d8/0.1528bpp.

150600 45.12d8 34.87d8/0.6191bpp. 40.0db/0.3335bpp 32.23d8/0.6191bpp 32.71d8/0.3335bpp.
SeggazNet_nl/nh

32.23/0.6191bpp 32.39d8/0.6178bpp.

Input (Noisy) GT (Noise-free) CGNet (Denoised) SeggazNet_ph (Denoised) SeggazNet_nh (Denoised)

150=10000 35.1608/3.302bpp. | || 1||I| 4|||pp X
w, L/ L/ 4
) ) 1

34.87d8. 33.0db/0.3211bpp 33.15db/3.101bpp. 25.1d8/3.211bpp. 32.71dB/3.101bpp

Figure 4: Visual results on the SIDD dataset. Top: low-ISO samples (ISO 400/600) comparing CGNet,
SeggazNet_pl/nl. Bottom: high-ISO samples (ISO 6400/10000) comparing CGNet, SeggazNet_ph/nh.
Each block shows: input, ground truth (GT), CGNet denoising, SeggazNet denoising, and noisy recon-
struction by SeggazNet_p and SeggazNet_n . PSNR/bpp are shown under each image.

6 Conclusion

We have presented an effective training strategy on real noisy data that yields significant gains in a
multi-task compression—denoising codec for JPEG Al. SeggazNet_n reduces bit allocation to pure noise
by up to 30% and delivers up to 1.5 dB PSNR improvement at matched bpp. It also supports on-demand
noise-preserved reconstructions in a single forward pass, all while lowering inference cost. A key advan-
tage is that this noise-domain training operates independently of any architectural change, offering a
lightweight strategy to boost both rate—distortion efficiency and denoising fidelity. Looking ahead, inte-
grating learnable latent partitioning (e.g., dynamic gating or contrastive losses), perceptual/adversarial
objectives, and extensions to video and other vision tasks promises to further close the gap toward the
full JPEG AI vision of one bitstream powering every downstream applications.
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