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Abstract

RGB photo reconstruction from RAW camera images is
an increasingly popular deep learning problem with a prac-
tical application to mobile cameras. This creates a need for
solutions that are not only performant but are additionally
compatible with real mobile AI hardware such as GPUs or
NPUs. In this Mobile AI challenge, we address this problem
and propose the participants to design efficient learned ISP
models that can demonstrate fast inference times on mobile
GPUs. For this, the participants were provided with a large-
scale Fujifilm UltraISP dataset consisting of RAW-RGB im-
age pairs captured with the Sony IMX586 Quad Bayer mo-
bile sensor and a professional 102MP medium format Fuji-
Film GFX100 camera. The runtime of all models was eval-
uated on the latest Adreno and Mali GPUs used in Qual-
comm and MediaTek chipsets. The proposed solutions are
compatible with all recent mobile GPUs, being able to pro-
cess Full HD photos under 30 ms in the majority of cases
and delivering high-fidelity results. A comprehensive de-
scription of the models developed in the challenge is pro-
vided in this paper.

1. Introduction
As smartphone cameras continue to improve, much of the
progress is driven by advanced image processing algo-
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rithms, such as those used for noise reduction, accurate
color reproduction and high dynamic range (HDR) process-
ing. While one can potentially replace each classical image
signal processing (ISP) step with an advanced deep learning
model to get a better reconstruction result, a more radical
approach is to replace the entire RAW-to-RGB ISP pipeline
with a single neural network that will inherently learn all
the underlying image manipulation stages. Such approach
will also provide the model with a reacher 10–16 bit in-
formation stored in the original unaltered RAW bayer data,
which can further help to improve the image restoration
quality. In [34], the authors first proposed this approach:
they collected Zurich RAW-to-RGB dataset, which consists
of RAW-RGB image pairs captured by both a mobile cam-
era sensor and a high-end DSLR, and then trained a deep
neural network on this data. The results demonstrated by
the authors showed that this approach could potentially out-
perform the commercial hand-crafted ISP of the Huawei
P20 smartphone. Even better results were achieved by the
models proposed in the follow-up challenges using the same
dataset [14, 29, 33, 52, 71]. The next step in building
high-quality deep learning-based ISPs was done in [42, 43],
where the authors presented a more advanced Fujifilm Ul-
traISP dataset for the considered task and mobile-friendly
CNN architectures that were able to process high-resolution
images directly on smartphones. In this competition, we use
the same dataset and propose the participants to design even
more efficient learned ISP models that can run on recent
smartphone GPUs.

The development of mobile-friendly deep learning ar-
chitectures that can be executed on various AI accelerators
including NPUs is not a straightforward task. It requires
a deep understanding of numerous limitations imposed by
mobile AI hardware such as limited support for ML oper-
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Sony IMX586 RAW – Visualized Sony IMX586 – MediaTek ISP Fujifilm Camera

Figure 1. A sample set of images from the collected dataset. From left to right: the original RAW image visualized with Photoshop’s
built-in raw image processing engine, RGB image obtained with MediaTek’s built-in ISP system, and the target Fujifilm photo.

ators, restricted memory size and bandwidth, accuracy is-
sues for quantized models, specific NPU driver properties,
etc. Even a supported ML layer or operator might not be
efficiently executed on NPUs, becoming a major bottleneck
during model inference, and thus requiring partial or even
full architecture re-design in order to achieve lower latency
and energy consumption. We refer to [26, 30] for a more de-
tailed overview of the particularities and performance eval-
uation of recent mobile AI accelerators. The above men-
tioned limitations make the inference with standard deep
learning architectures either inefficient or not even possible
at all on mobile NPUs, therefore requiring various adapta-
tions and low-level model design optimizations including
16-bit / 8-bit [5, 11, 50, 51, 59, 60, 65, 70, 72, 84] and low-
bit [4, 6, 9, 49, 61, 76, 89] quantization, network pruning
and compression [11, 19, 53, 54, 58, 62, 66, 79, 83, 88],
NPU-specific adaptations, platform-aware neural architec-
ture search [12, 13, 21, 64, 73, 77, 81, 82, 85, 86], etc.

In this Mobile AI Challenge, the participants were pro-
posed to develop efficient learned ISP models that are com-
patible with smartphone GPUs. The Fujifilm UltraISP
dataset [43] consisting of thousands paired photos captured
with a normal mobile camera sensor and a professional
102MP medium-format FujiFilm GFX100 camera was con-
sidered in this competition. The runtime of the models was
evaluated on Adreno and Mali mobile GPUs found in the
latest Qualcomm and MediaTek SoCs. Each submission
was evaluated based on both image fidelity and runtime effi-
ciency, thus balancing reconstruction quality with model ef-
ficiency. All solutions developed during this challenge are
fully compatible with the LiteRT [67] (rebranded Tensor-
Flow Lite) framework, enabling deployment on a variety of
Linux and Android-based IoT platforms, smartphones, and
edge devices.

This challenge is a part of the MAI 2025 Workshop and
Challenges consisting of the following competitions:
• Quantized Image Super-Resolution on Mobile NPUs [48]

• Real-Time Video Super-Resolution on Mobile NPUs
• RGB Photo Enhancement on Mobile GPUs [47]
• Learned Smartphone ISP on Mobile GPUs
• Bokeh Effect Rendering on Mobile GPUs
• Image Denoising on Mobile GPUs
• Real-Time Camera Scene Detection on Mobile NPUs

The results and solutions obtained in the previous Mobile
AI Challenges are described in the following papers:

• Quantized Image Super-Resolution on Mobile NPUs [40, 41]
• Learned Smartphone ISP on Mobile NPUs / GPUs [36, 45]
• Video Super-Resolution on Mobile GPUs [39, 44]
• Image Denoising on Mobile GPUs [35]
• Single-Image Depth Estimation on Mobile Devices [37, 41]
• Bokeh Effect Rendering on Mobile GPUs [46]
• Camera Scene Detection on Smartphones [38, 68]

2. Challenge
To design an efficient and practical solution for mobile-related
tasks, the following key components are essential:
1. A high-quality and large-scale dataset that can be used to train

and evaluate the solution;
2. An efficient way to check the runtime and debug the model

locally without any constraints.
This challenge addresses the above issues. Real training data,

tools, and runtime evaluation options provided to the challenge
participants are described in the next sections.

2.1. Dataset
In this challenge, we use the Fujifilm UltraISP dataset [42, 43]
collected using the Fujifilm GFX100 medium format 102 MP cam-
era capturing the target high-quality images, and a popular Sony
IMX586 Quad Bayer mobile camera sensor that can be found in
tens of mid-range and high-end mobile devices released during
the past years. The Sony sensor was mounted on the MediaTek
Dimensity 820 development board, and was capturing both raw
and processed (by its built-in ISP system) 12MP images. The Di-
mensity board was rigidly attached to the Fujifilm camera, and
they were shooting photos synchronously to ensure that the image
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Figure 2. Loading and running custom TensorFlow Lite models with AI Benchmark application. The currently supported acceleration
options include Android NNAPI, TFLite GPU, Hexagon NN, Samsung Eden and MediaTek Neuron delegates as well as CPU inference
through TFLite or XNNPACK backends. The latest app version can be downloaded at https://ai-benchmark.com/download

content is identical. The dataset contains over 6 thousand day-
time image pairs captured at a wide variety of places with differ-
ent illumination and weather conditions. An example set of full-
resolution photos from the Fujifilm UltraISP dataset is shown in
Fig. 1. As the collected RAW-RGB image pairs were not perfectly
aligned, they were initially matched using the state-of-the-art deep
learning based dense matching algorithm [75] to extract 256×256
pixel patches from the original photos. It should be mentioned that
all alignment operations were performed on Fujifilm RGB images
only, therefore RAW photos from the Sony sensor remained un-
modified, exhibiting the same values as read from the sensor.

2.2. Local Runtime Evaluation
When developing AI solutions for mobile devices, it is vital to be
able to test the designed models and debug all emerging issues lo-
cally on available devices. For this, the participants were provided
with the AI Benchmark application [26, 30] that allows to load any
custom TensorFlow Lite model and run it on any Android device
with all supported acceleration options. This tool contains the lat-
est versions of Qualcomm QNN, Hexagon NN, MediaTek Neuron,
TFLite GPU, Android NNAPI and ARM NN delegates, therefore
supporting all current mobile platforms and providing the users
with the ability to execute neural networks on smartphone NPUs,
APUs, DSPs, GPUs and CPUs.

To load and run a custom TensorFlow Lite (LiteRT) model, one
needs to follow the next steps:
1. Download AI Benchmark from the official website1 or from the

Google Play2 and run its standard tests.

1https://ai-benchmark.com/download
2https://play.google.com/store/apps/details?id=

org.benchmark.demo

2. After the end of the tests, enter the PRO Mode and select the
Custom Model tab there.

3. Put the exported TFLite (LiteRT) model into the Download
folder of the device.

4. Select mode type (INT8, FP16, or FP32), the desired accelera-
tion/inference options and run the model.

These steps are also illustrated in Fig. 2. The instructions on how
to generate TFLite model from PyTorch, TensorFlow and Keras
pre-trained models were provided in the MAI Workshop GitHub
repository 3.

2.3. Runtime Evaluation on the Target Platform
In this challenge, we use the Adreno 830 and Arm Immortalis-
G925 (12-core) mobile GPUs that can be found in the Qualcomm
Snapdragon 8 Elite and MediaTek Dimensity 9400 mobile SoCs as
our target runtime evaluation platforms. The considered GPUs can
efficiently accelerate floating-point networks and demonstrate the
runtimes that are comparable to the ones obtained on mid-range
NPUs. The models were parsed and accelerated using the TFLite
GPU delegate [56] showing the best performance on these GPUs.
All final solutions were tested using the aforementioned AI Bench-
mark application.

2.4. Challenge Phases
The challenge consisted of the following phases:
i development: the participants get access to the data and AI

Benchmark app, and are able to train the models and evaluate
their runtime locally;

ii validation: the participants can upload their models to the
remote server to check the fidelity scores on the validation

3https://github.com/aiff22/MAI-2025-Workshop
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Team Author Framework Model Size, KB PSNR↑ SSIM↑ Adreno GPU, ms ↓ Arm GPU, ms ↓ Final Score
AwesomeNeural lc PyTorch 18 Kb 24.09 0.8566 4.9 24.8 16.5
DHTXSF-Lab DahuaISP PyTorch 20 Kb 24 0.857 8.6 27.4 10.4
SHBD LucasH PyTorch 25 Kb 23.9 0.8515 11.6 30.8 7.4
AVC2 AVC2 PyTorch 23 Kb 24.22 0.8581 22.2 46.7 6.7
UAIC ISP, Track 1 AndreiArhire Keras / TensorFlow 6 Kb 23.01 0.8306 3.26 16.6 5.5
DHTSDX dhtsdx PyTorch 36 Kb 23.76 0.8493 20.7 46 3.7
SJP-ISP pyojuncode Keras / TensorFlow 163 Kb 23.14 0.8344 15.4 31.8 2.2
UAIC ISP, Track 2 AndreiArhire Keras / TensorFlow 56 Mb 23.84 0.8602 90.3 185 1
D-Image Dzhh PyTorch / Keras 1.2 Mb 24.04 0.8671 1526 1821 0.1
oteam wangty PyTorch 211 Mb 23.52 0.8603 6787 6590 0
MicroISP [43] - Keras / TensorFlow 155 Kb 23.87 0.853 23 29 5.2
PyNET-V2 Mobile [42] - Keras / TensorFlow 3.6 Mb 24.72 0.8783 81.3 142 4
PyNET [34] - Keras / TensorFlow 181 Mb 25.01 0.8985 3378 4736 0.2

Table 1. Mobile AI 2025 smartphone ISP challenge results and final rankings. The runtime values were obtained on Full HD (1920×1088)
images. Team AwesomeNeural is the challenge winner. The results of the MicroISP and PyNET(-V2) models are provided for the reference.

dataset, to get the runtime on the target platform, and to com-
pare their results on the validation leaderboard;

iii test: the participants submit their final results, codes, Tensor-
Flow Lite models and factsheets.

2.5. Scoring System
The challenge consisted of the following phases:
I. Development: the participants get access to the data and AI

Benchmark app, and are able to train the models and evaluate
their runtime locally;

II. Validation: the participants can upload their models to the
remote server to check the fidelity scores on the validation
dataset, and to compare their results on the validation leader-
board;

III. Testing: the participants submit their final results, codes, Ten-
sorFlow Lite models, and factsheets.

2.6. Scoring System
All solutions were evaluated using the following metrics:
• Peak Signal-to-Noise Ratio (PSNR) measuring fidelity score,
• Structural Similarity Index Measure (SSIM), a proxy for percep-

tual score,
• The runtime on the target mobile GPUs.

The score of each final submission was evaluated based on the
next formula (C is a constant normalization factor):

Final Score =
22·PSNR

C · runtime
,

During the final challenge phase, the participants did not have
access to the test dataset. Instead, they had to submit their fi-
nal TensorFlow Lite models that were subsequently used by the
challenge organizers to check both the runtime and the fidelity re-
sults of each submission under identical conditions. This approach
solved all the issues related to model overfitting, reproducibility of
the results, and consistency of the obtained runtime/accuracy val-
ues.

3. Challenge Results
From above 70 registered participants, 9 teams entered the final
phase and submitted valid results, TFLite models, codes, executa-
bles and factsheets. Table 1 summarizes the final challenge results

and reports PSNR, SSIM and runtime numbers for each submitted
solution on the final test dataset and on the target evaluation plat-
form. The proposed methods are described in section 4, and the
team members and affiliations are listed in Appendix A.

3.1. Results and Discussion
All submitted solutions demonstrated a very high efficiency: the
majority of models are able to process one Full HD (1920×1088
px) image under 50 ms on the target GPUs. This is a major
improvement compared to the results obtained in the MAI 2021
Learned ISP challenge [36], where the best runtime achieved on
the Dimensity 1000+ NPU was 61ms. This shows great progress
in both model design as well as in mobile AI acceleration hard-
ware that is currently able to provide decent speed-up for the most
common network layers. Team AwesomeNeural is the challenge
winner: solution proposed by this team was able to demonstrate
over 200 and 40 FPS when running on the Adreno and Arm GPUs,
respectively. This highlights that the considered model can be po-
tentially applied even for Full HD RAW video processing while
achieving a frame rate of over 30 FPS on all current mid-range
and high-end smartphone SoCs. Very similar numerical, runtime
and visual results were achieved by team DHTXSF-Lab, which
solution was slightly slower on both platforms. The most efficient
model design was proposed team UAIC ISP: with a model size of
6Kb, this solution demonstrated 300 and 60 FPS on the Adreno
and Mali GPUs, respectively. Such tiny CNN architecture consist-
ing of only three convolutional layers should be deployable even
on low-power IoT NPUs while still providing decent image recon-
struction visual results.

A notable progress that should be highlighted is the reduced
complexity of model conversion to the target TFLite format. Ta-
ble 1 shows that the majority of solutions in this challenge were
developed using the PyTorch ML framework. Due to the recently
presented ai-edge-torch4 plugin developed by the TFLite (LiteRT)
team, one can now directly convert the majority of PyTorch models
to the TFLite format without a need for TensorFlow / Keras model
re-implementation or use of ONNX as an intermediary format.
This significantly simplifies the development process of mobile-
friendly deep learning architectures for the majority of researchers

4https://github.com/google- ai- edge/ai- edge-
torch
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who use PyTorch as their main framework for AI model develop-
ment and training.

The last thing that should be mentioned is that there still ex-
ists a large gap in visual results between all solutions proposed
in this challenge and more performant models [34, 42]: in terms
of texture, color, noise and dynamic range image quality aspects,
the latter ones demonstrate substantially better results, which is
also reflected by SSIM and PSNR scores. We hope that the
next challenges and works on the RAW-to-RGB mapping task
will bridge this gap, presenting both efficient and robust mobile-
friendly learned ISP architectures.

4. Challenge Methods

This section describes solutions submitted by all teams participat-
ing in the final stage of the MAI 2025 Learned Smartphone ISP
challenge.

4.1. AwesomeNeural

Figure 3. Nano Vision Net (NVNet) architecture proposed by team
AwesomeNeural

Team AwesomeNeural introduced the Nano Vision Net
(NVNet), presented in Fig. 3, which is an optimized architecture
based on SYENet [18]. The number of channels in the team’s
network is 12. The network commences with a 3 × 3 convolu-
tional layer followed by a PReLU activation for initial feature ex-
traction, replacing a more complex head structure from the origi-
nal SYENet. The subsequent features are processed through two
parallel 3 × 3 convolutional layers. The outputs of these paral-
lel paths undergo element-wise multiplication, after which a bias
term is added. A channel attention mechanism is then applied;
specifically, an attention map derived from the initial features us-
ing Average Pooling, a 1× 1 convolution, and a Sigmoid function
is element-wise multiplied with the processed features from the
parallel paths. Finally, a PixelShuffle layer performs 2× upsam-
pling, followed by a 3 × 3 convolution to output the RGB image.
All convolutional layers in the network employ the reparameteri-
zation technique. The structural modifications were implemented
to decrease computation time relative to SYENet while maintain-
ing comparable performance.

The team adopted the same training strategy and reparameteri-
zation technique as specified for SYENet [18]. The entire dataset
was used for training with a batch size of 16.

Figure 4. DBF-Net architecture proposed by DHTXSF-Lab team

4.2. DHTXSF-Lab
Inspired by structural reparameterization techniques and previous
work [15, 45], the DHTXSF-Lab team proposed the DBF-Net ar-
chitecture, illustrated in figure 4. The network utilizes an expanded
version of the Diverse Branch Block (DBB) [15] as its core com-
ponent, aiming to enhance multiscale feature capture during train-
ing, using a wide variety of convolution layers with different ker-
nels (Fig. 5) and allow for efficient block fusion during inference.
The network starts with a DBB block, followed by a Tanh acti-
vation and a Channel Scale (CS) layer [22], which applies learn-
able scale and bias factors per channel. The main path proceeds
through another DBB with a ReLU activation. In parallel, a sepa-
rate branch uses a DBB originating from the CS output to estimate
spatial attention weights. These weights are then element-wise
multiplied with the main path features. Following this, a Channel
Attention (CA) module is applied for adaptive color equalization.
Upsampling is performed using a PixelShuffle layer, and a final
DBB block conducts fine-tuning before the output.

Figure 5. Diverse Branch Block (DBB) architecture

The training strategy involved two loss phases: an initial pre-
training phase using L1 loss, followed by a fine-tuning phase
where a perceptual loss was added to the L1 loss. Model param-
eters were optimized using the Adam algorithm with a batch size
of 32. The learning rate was initialized at 1e-4 and was decreased
throughout training.

4.3. SHBD

Figure 6. The overall model architecture proposed by the SHBD
team.

Team SHBD introduced a network (Fig. 6) incorporating their
novel MultiGate nonlinear activation module, inspired by GELU
and Simplified Gate [10, 20, 45], to enhance network expressive-
ness. As shown in Figure 7, the MultiGate module processes an
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input via three parallel branches – a 3 × 3 convolution, a 3 × 3
depthwise convolution, and a 1×1 convolution – each followed by
a Sigmoid activation. The outputs of these three activated paths are
element-wise multiplied together, and this result is then element-
wise multiplied by the original input. The overall network ar-
chitecture (Fig. 6) starts with a reparameterizable separable con-
volution (repSepConv) and a Tanh activation, followed by a bias
addition. This output passes through the first MultiGate module,
then a Channel Attention (CA) block, and subsequently a second
MultiGate module. Upsampling is performed via a DepthToSpace
layer, followed by a final reparameterizable convolution (repConv)
to yield the RGB result. Both repSepConv and repConv blocks are
designed to fuse into standard 3 × 3 convolutions for efficient in-
ference.

Figure 7. MultiGate block.

The model was trained using a composite loss function com-
bining L2 loss, SSIM loss, and a color average loss. The training
strategy emphasized learning from samples with high initial losses
and employed different loss weights for flat versus edge regions to
handle potential data misalignment. Optimization was performed
using the Adam optimizer with a batch size of 96 and an initial
learning rate of 1e-4, which decreased during the training process.

4.4. AVC2
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Figure 8. General method proposed by AVC2 team

Team AVC2 introduced MobileIE, a lightweight image signal
processing network designed for mobile deployment that balances
performance and efficiency using reparameterization, as illustrated
in Fig. 8. The architecture begins with an MBRConv 5 × 5 layer
followed by a PReLU activation. The subsequent main body con-
sists of two sequential blocks; each block contains an MBRConv
3 × 3 layer followed by a Feature Self-Transform (FST) module,
incorporating residual connections and a bias vector. After these
blocks, a Hierarchical Dual-Path Attention (HDPA) module is em-
ployed to refine features. Upsampling is achieved through a Pixel

Shuffle layer, followed by a final MBRConv 3 × 3 layer generat-
ing the output image. A key aspect is the MBRConv block, which
utilizes multiple parallel convolutional branches with batch nor-
malization during training; these blocks are reparameterized into
standard single convolutional layers for efficient inference.

The network was trained using the L1 loss function, favored
for promoting sharper image reconstruction. The Adam optimizer
was utilized with a cosine annealing learning rate schedule. The
schedule started with an initial learning rate of 0.001, preceded by
a 10-epoch warm-up phase at a fixed rate of 1e-6. The learning
rate was subsequently reset every 50 epochs before decaying. The
model was trained for a total of 5,000 epochs with a batch size of
32. The training employed 24,000 aligned raw-sRGB image pairs,
partitioned into 22,000 for training and 2,000 for testing.

4.5. UAIC ISP
The UAIC ISP team presented distinct solutions [3] for the chal-
lenge’s two tracks. Below is a detailed description of each track.

Figure 9. The CNN architecture proposed by the UAIC ISP team.

Track 1: For Track 1, the team developed a compact model
(Fig. 9) inspired by the architectures of dh isp [36] and Mi-
Algo [45], aiming to match the fidelity of the latter with reduced
parameters. The network comprises three sequential 3× 3 convo-
lutional layers, with channel counts of 16, 4, and 12, respectively.
Tanh activation follows the first layer, while ReLU is used after
the second and third layers. Upsampling is performed by a final
PixelShuffle layer. The channel counts were chosen considering
the minimum requirement for PixelShuffle (12) and experimen-
tal findings that the middle layer was less sensitive to reduction.
To address potential data misalignment, training utilized paired
data where raw images (specifically from the Fujifilm UltraISP
dataset) were matched with outputs from a separately pre-trained
large RMFA-Net [57] (20 blocks, width 16).

The proposed compact model was trained for 300 epochs using
L1 loss and the Adam optimizer with a batch size of 32. A cosine
learning rate scheduler adjusted the rate between 10−3 and 10−6.
Data augmentation involved random rotations and flips applied as
subsets of data were loaded into memory. Custom validation and
test sets of 1024 samples each were created for experimentation.

Track 2: The solution for Track 2 (Fig. 10) employed the con-
figuration of RMFA-Net [57] with 2 blocks and a channel width
of 16. The objective was to produce results with high percep-
tual quality and efficiently executable on smartphone GPUs. The
RMFA-Net processes an input image using an input module, fol-
lowed by multiple stacked RMFA blocks connected with resid-
ual additions, and concludes with an output module. Each RMFA
block internally performs complex feature refinement using multi-
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scale processing (via pooling and upsampling), skip connections,
and both channel and spatial attention mechanisms.

Figure 10. The RMFA-Net architecture [57] used by the
UAIC ISP team.

For training, 17.6% of the provided training pairs were manu-
ally excluded. A combination of L1, SSIM, and LPIPS [87] losses
guided the training. An adaptive loss weighting strategy was im-
plemented where each loss component’s coefficient was adjusted
per step to maintain a gradient norm of 1 during updates. The
model was trained using the Adam optimizer with a batch size of
8 and a cosine learning rate scheduler.

4.6. DHTSDX

Figure 11. The CNN architecture proposed by the DHTSDX team.

The architecture presented by team DHTSDX (Fig. 11) adapts
the structure from the MAI2022 Multimedia team [45] by incor-
porating custom reparameterizable separable convolution blocks
(repSepConv, Fig. 12). The network begins with two parallel
repSepConv blocks, each followed by Tanh activation; their out-
puts are element-wise multiplied and combined with a bias term.
This structure is repeated, following this, a Channel Attention
(CA) module refines the features, which are then upsampled using
DepthToSpace. A final reparameterizable standard convolution
(repConv) produces the output. The repSepConv block (training
phase) features multiple parallel depthwise convolutional branches
(varying kernel sizes), each followed by a Channel Scale mod-
ule [22]. The summed output of these branches passes through a
1 × 1 convolution and a BatchNorm layer. For inference, each
repSepConv block fuses into efficient depthwise separable convo-
lutions.

The training process consisted of two stages. The pre-training
employed the standard L1 loss. The subsequent fine-tuning stage
utilized data selection, using only training samples with PSNR be-
low a dynamically updated threshold. This stage used a custom

Figure 12. The structure of the repSepConv block during the train-
ing (left) and inference (right) stages.

PSNR-weighted loss function:

L =

n∑
i=0

(|yi − ŷi|)
C · psnr(yi, ŷi)

(1)

where C is a fixed coefficient; y and ŷ are ground truth and pre-
dicted images. Optimization was performed using the Adam algo-
rithm with a batch size of 32 and an initial learning rate of 1e-4,
which decreased during training.

4.7. SJP-ISP

Figure 13. The U-Net-like architecture proposed by the SJP-ISP
team.

The SJP-ISP team proposed a Simple yet Powerful Deep Neu-
ral ISP model (Fig. 13), emphasizing a minimalist design using
only convolution layers for computational efficiency and hard-
ware flexibility. Based on the U-Net [69] architecture, the model
employs 2-stride convolutions for downsampling and transposed
convolutions for upsampling, concluding with a PixelShuffle layer
for a final 2x resolution increase. Each level within the U-Net
structure consists of a Simple Convolution-ReLU (SCR) Block,
which includes two 3 × 3 convolution layers with ReLU activa-
tions and a residual connection. This streamlined block design al-
lows for potential replacement with reparameterizable blocks (e.g.,
RepVGG [16]) for platform-specific optimizations.

The training incorporated a multi-stage loss strategy and a joint
denoising/demosaicing data augmentation pipeline. Initially, a
combination of L1 loss, PSNR loss, and a color loss based on
the Gray World Assumption was used. After approximately 50
epochs, GAN loss [78] and VGG19 perceptual loss [55] were
added. The final weighted loss function was:

Loss = LL1 +LPSNR +5 ·LColor +0.005 ·LGAN +1.0 ·LPerceptual

(2)

To enable joint learning, RAW domain data augmentation sim-
ulated low-light conditions and added realistic noise [7] according

1940



to the following process:

Fdarken ∼ Uniform(0.3, 0.7)

Idarken = I · (Fdarken/mean(I))

Inoisy = Idarken + noise

(3)

This augmentation strategy enhances robustness and noise reduc-
tion performance. The model was trained using the Adam opti-
mizer with a learning rate of 5e-5.

4.8. D-Image

Figure 14. The U-Net-like architecture proposed by the D-Image
team.

Team D-Image presented a Simplified Channel Attention-
based U-net, drawing inspiration from U-Net [69] and
NAFNet [10]. The data preprocessing involves nearest-neighbor
up-sampling of the input, followed by channel expansion via sep-
arable convolution. The core network (Fig. 14) follows a U-Net
structure with three encoder and three decoder levels linked by
skip connections. Each level employs identical building blocks
(detailed in Fig. 15) which feature Normalization Layers, Conv2d
layers, and SimpleGate activations (splitting features along the
channel dimension and multiplying the halves). These blocks
also incorporate a simplified channel attention (SimpleCA) mech-
anism, consisting of adaptive global average pooling multiplied by
the feature map, within one of their internal parallel paths. Resid-
ual connections are also utilized within the block structure. Final
postprocessing involves reducing the channel count to 3 using sep-
arable convolution.

Figure 15. The Channel Attention-based block structure.

The training employs MSE loss with the Adam optimizer. The
learning rate is decayed from 1e-3 to 1e-5 using cosine annealing.
With a batch size of 32, each epoch consists of 500 iterations, and
the model is trained for a total of 2000 epochs to achieve the final
performance.

4.9. oteam
Team oteam developed an encoder-decoder architecture featuring
symmetric skip connections, specifically designed for restoring
RGB images from low-light RAW inputs. The model consists of
four distinct components: (1) a Dynamic Pruning Encoder that
performs hierarchical feature extraction using Conv-LeakyReLU
blocks, max-pooling, and an adaptive channel scaling mechanism
dependent on a pruning factor α; (2) a Hybrid Attention Bottle-
neck that integrates depthwise-separable convolutions (within a
KBBlock module featuring channel attention) and a Vision Trans-
former (ViT) block utilizing multi-head self-attention; (3) a Multi-
scale Fusion Decoder employing transposed convolutions for up-
sampling and concatenating features from corresponding encoder
stages via skip connections; and (4) a Subpixel Reconstruction
Head using PixelShuffle to generate the final RGB output while
reducing artifacts.

For training, the team utilized a multi-scale Laplacian pyramid
image loss function (LLap) to measure cross-scale structural dif-
ferences. The k-th level of the Laplacian pyramid, Lk, is defined
as the difference between the k-th Gaussian pyramid level Gk and
the upsampled (k + 1)-th level:

Lk = Gk− ↑ (Gk+1 ∗ gσ) (4)

where Gk+1 =↓ (Gk) represents downsampling, ↑ (·) is bilinear
upsampling, and gσ is a Gaussian filter. The total loss combines
the L1 norms of these residuals across K pyramid levels (typically
K = 5):

LLap =

K−1∑
k=0

∥Lk(I)− Lk(T )∥1 (5)

This loss function effectively captures differences in high-
frequency details like edges and textures across multiple
scales. Comprehensive data augmentation included random
Bayer pattern extraction, 8 modes of geometric transformations
(flips/transpositions), and dynamic patch sampling (128-256 pix-
els). Inference employed Test-Time Augmentation (TTA) by aver-
aging predictions from four input orientations.

5. Additional Literature
An overview of the past challenges on mobile-related tasks to-
gether with the proposed solutions can be found in the following
papers:
• Image Super-Resolution: [8, 27, 63, 74]
• Learned End-to-End ISP: [29, 33, 42, 43, 80]
• RGB Image Enhancement: [23–25, 27]
• Bokeh Effect Rendering: [28, 31, 32]
• Image Denoising: [1, 2, 17]
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