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Abstract

Bokeh is an important artistic effect that highlights the
main subject of a photo by blurring the out-of-focus ar-
eas. While DSLR cameras can achieve this effect natu-
rally, mobile devices still find it challenging to reach a sim-
ilar level due to their compact optics and tiny camera sen-
sors. In this paper, we propose two solutions for generating
bokeh images: one is designed for real-time applications,
striking a balance between quality and efficiency, while the
other prioritizes output quality without emphasizing effi-
ciency optimization. During the model training phase, we
combine L1 loss, perceptual loss, and SSIM loss to ren-
der realistic bokeh effects. To address the issue of fore-
ground blurring in images generated by end-to-end depth-
of-field rendering methods, we propose a enhancement net-
work. This approach introduces a lightweight enhancement
network—comprising only a residual block—built upon the
initial rendering output, which significantly improves the
clarity of foreground regions. Experiments show that our
method can render high-quality bokeh effects on main-
stream flagship smartphone chipsets and can process a
1024×1536 pixel image in real time. Our lightweight
TinyUnet solution won first place in the 2026 Mobile AI
Rendering Realistic Bokeh Challenge.

1. Introduction
The popular bokeh effect highlights a photograph’s sub-

ject by blurring distracting background elements. Given the
inherent optical constraints of smartphone cameras, produc-
ing true optical bokeh is challenging. Therefore, many de-
vices now rely on computer vision algorithms to recreate
the effect digitally.

Over the past few years, generating bokeh effects auto-
matically has become a highly popular subject, and numer-
ous solutions are now integrated into most smartphone cam-
era apps. Modern mobile devices are equipped with pow-
erful GPUs and NPUs, which are well-suited for execut-
ing the proposed deep learning models [12, 16]. Methods
for rendering automatic bokeh effects are categorized into

two main types based on whether prior information (such
as segmentation masks or depth maps) is required. The
first type relies on prior information, which can be further
divided into segmentation mask-based methods and depth
map-based methods. In segmentation mask-based methods,
a segmentation network [17] first generates a foreground
mask. The image is then Gaussian-filtered, and the original
image is blended with the filtered version using the mask
to achieve the blur effect. However, the background blur
produced by this method lacks a sense of depth. In depth
map-based methods, depth maps are used as prior informa-
tion to apply varying degrees of blur to different areas, re-
sulting in a bokeh effect with a certain hierarchical quality,
similar to that of a DSLR camera. However, this solution
is relatively complex and not easily suitable for real-time
processing. The second type does not require prior infor-
mation and directly achieves an end-to-end rendering of the
automatic bokeh effect. In Mobile AI 2026 Rendering Real-
istic Bokeh Challenge, the target was to develop an efficient
end-to-end AI-based bokeh effect rendering approach that
is based on the TensorFlow Lite framework and capable of
running on modern smartphone GPUs.

In this work, we propose two solutions for generating
bokeh images: one is designed for real-time applications,
striking a balance between quality and efficiency, while the
other prioritizes output quality without emphasizing effi-
ciency optimization. Our main contributions are:

• We design a TinyUnet network specifically for real-
time applications, achieving a balance between quality
and efficiency.

• Another network we designed is called Glass-Enc-Net,
which prioritizes bokeh effect quality over efficiency
optimization.

• During training, we used depth maps to assist train-
ing and assigned different weights to different regions
in the loss function, so that the background is blurred
while the foreground remains clear when the subject
stands out.

• To address the issue of foreground blurring in end-
to-end depth-of-field rendering, this paper proposes a



two-stage approach. It incorporates a lightweight en-
hancement network (with a single residual block) upon
the initial render output, significantly improving the
sharpness of the foreground region.

2. Related Work

In recent years, one prevalent technique has been to seg-
ment the central object from the scene and then blur ev-
erything else [1–3]. A different technique introduced for
this purpose entails blurring the image based on the esti-
mated depth map. Prior knowledge, including salient re-
gion detection and depth estimation, forms the basis for
most of these methods. The method introduced in [4] builds
upon the megaDepth [5] algorithm, renowned for its excep-
tional capabilities in single-image depth estimation. Subse-
quently, an efficient process is developed to apply selective
defocusing, utilizing a Gaussian filter to blur areas outside
the focal plane. A DDDF framework introduced in [6] em-
ploys both salient region segmentation [7] and depth estima-
tion [5] as its priori knowledge. In addition, the PyNET ap-
proach [9] utilizes depth maps generated from MegaDepth.
The authors note that while such depth information may not
boost standard quantitative metrics like PSNR and SSIM,
it still contributes to enhanced visual quality. Based on
the discussed methods, it is found that integrating prior in-
formation—such as saliency detection or depth estimation
maps—can partially enhance the visual quality of generated
images. However, these approaches are critically reliant on
such priors; when the priors are ineffective in certain con-
texts, the final output may encounter unpredictable flaws.
Furthermore, the preprocessing involved in these methods
is computationally expensive, requiring the models to run
initially whenever a new image is inferred on a device.

In reference [10], a complete deep learning framework
and its accompanying EBB! bokeh rendering dataset were
introduced, with a neural network designed to automatically
convert wide depth-of-field images into shallow depth-of-
field versions. Numerous other approaches based on this
dataset have been developed, as documented in [11–15].
BGGAN [13] introduced a novel generator named Glass-
Net that produces bokeh effects without requiring special-
ized hardware. During the fine-tuning stage, the method
combines a GAN-based approach with perceptual loss to
achieve realistic bokeh rendering. Furthermore, Instance
Normalization (IN) is reformulated within the network, en-
abling the resulting tflite model to utilize IN while maintain-
ing efficient acceleration on mobile GPUs.Although BG-
GAN generates realistic blurring effects, it can only achieve
processing speeds in the order of seconds on smartphones,
which does not meet the requirements for real-time process-
ing.

3. Approach

3.1. Realistic Bokeh Rendering Challenge

The challenge aimed to achieve the optimal balance be-
tween MOS and latency in output bokeh images on mobile
devices.

The final score for this challenge, as defined in Formula
(1), is determined by two key metrics:

• The quality of the reconstructed results.

• The runtime of the model on the actual target mobile
platform.

Score(MOS, runtime) =
22·MOS

runtime
(1)

The scoring formula shows that doubling the computa-
tional efficiency on the target platform can result in a quality
improvement equivalent to a 0.5-point increase in the MOS
score. This necessitates a focus on balancing image quality
restoration and computational performance optimization in
network design.

3.2. Analysis

The goal of the Mobile AI challenge was to create an ef-
ficient, AI-powered end-to-end solution for rendering bokeh
effects, capable of running on mobile GPUs via Tensor-
Flow Lite. In previous MAI challenges [18, 19], most pro-
posed methods relied on end-to-end deep learning solutions
with multi-scale encoder-decoder architectures, which sig-
nificantly improved runtime performance. Training loss
typically used L1, SSIM/MSSSIM, VGG-based Sobel, and
Charbonnier loss functions. However, BGGAN demon-
strates that using adversarial loss can significantly improve
the quality of bokeh effects. BGGAN utilizes GAN-based
methods and perceptual loss during model training to render
realistic bokeh effects. Furthermore, the instance normal-
ization (IN) algorithm has been reimplemented in the net-
work. While the BGGAN network produced good bokeh
effects, its complexity was too great to run in real time on
smartphones. The PyNET network utilizes prior informa-
tion from the depth map, feeding both the original image
and the depth map into the network, resulting in a decent
bokeh effect. However, the bokeh effect is affected by the
depth map, and because it requires prior information from
the depth map, the network is difficult to simplify. The algo-
rithms mentioned above share a common problem: the fore-
ground in the bokeh effect is somewhat blurred compared to
the original image. Therefore, our main improvements are
building a lightweight network and making the foreground
of the bokeh effect clearer.



Figure 1. TinyUnet architecture overview.

Figure 2. Glass-Enc-Net architecture overview.

3.3. Network Architecture

We proposed a two-stage network architecture: the first
stage generates bokeh effects, and the second stage employs
an enhancement network to further improve image quality.
TinyUnet strikes a good balance between bokeh effect and
running efficiency. Its network structure is shown in Fig-
ure 1. The encoder module comprises three downsampling
layers, each implemented with a convolutional layer using
a stride of 2. The features extracted by the encoder are then
processed through four residual blocks. Each residual block
consists of a sequence of layers: a convolutional layer,
a ReLU activation layer, a standard normalization layer,
another convolutional layer, and another ReLU activation
layer. Additionally, a skip connection is added between
the input and output of each residual block. The trans-
formed feature maps from the residual blocks are passed to
the decoder module, which includes three transposed con-
volutional layers with a stride of 2. All convolutional lay-
ers in the encoder and the transposed convolutional layers
in the decoder employ the ReLU activation function. Fi-
nally, the output layer is a convolutional layer with a stride
of 1 and the sigmoid activation function, followed by an en-
hancement network that uses only one residual block. The
Glass-Enc-Net architecture is implemented without taking
runtime efficiency into consideration, and it is fundamen-
tally constructed based on the underlying BGGAN network
framework. The sole modification introduced in this im-
plementation is the incorporation of an additional enhance-
ment network, as visually depicted and detailed in Figure 2.

This specific network is designed with a primary focus on
augmenting the overall model complexity, with the explicit
objective of further improving the quality and realism of the
bokeh effects generated.

3.4. Loss

The training was divided into two phases. The first phase
involved training the bokeh model, using L1, SSIM, and
perceptual loss. The perceptual loss is calculated using
Euclidean loss on the feature map, located in the fourth
ReLU5 layer of VGG19. The objective function is formally
given by formula (2). The second stage involves training
the enhancement model, primarily aimed at improving the
foreground blur in the bokeh results. This stage seeks to
achieve the sharpest possible enhancement while maintain-
ing fidelity, therefore only L1 Loss was used.

Ltotal = 10 · L1 + 0.1 · Lvgg19 + 10 · (1 − LSSIM ) (2)

4. Experiments
In this part, we will describe the implementation details

of our proposed method and report the results on the EBB!
[10] dataset.

4.1. Datasets

The goal of this competition is to design an efficient,
deep learning-based solution for rendering realistic bokeh
effects. For this, the participants were provided with a
newly collected large-scale dataset, EBB!, which comprises



Figure 3. Depth maps generated by Deep Anything v2. Zoom in for better visualization.



Figure 4. From left to right: input images, the results of not using a depth map during the training loss calculation, the results of using
a depth map during the training loss calculation, The results of using depth maps in training loss calculation and adding an enhancement
network during inference. Zoom in for better visualization.

a wide variety of RGB image content. This dataset con-
tains approximately 5,000 pairs of aligned images captured
with a Canon 70D DSLR camera, using different aperture
settings to simulate normal photographs and photos with a
bokeh (background blur) effect. All images in the dataset
have a fixed height of 1024 pixels, while their widths vary.
To address the foreground blurring artifact in bokeh syn-
thesis, we trained an enhanced network using the original
image of EBB! dataset. We constructed pairwise training
sets for the enhanced network by applying degradation tech-
niques—such as blurring, adding noise, and reducing con-
trast—to the ground truth (GT) data from the original image
of EBB! dataset.

4.2. Training Configuration

A two-phase training strategy was employed for the pro-
cess using TensorFlow. In the first stage, we used the EBB!
dataset to train end-to-end bokeh rendering by randomly
cropping images into 1024 × 1024 pixel blocks as input.
The batch size was set to 16 limited by memory. The train-
ing phase utilized a composite loss function comprising L1
loss, SSIM loss, and perceptual loss and utilized the Adam
optimizer (β1 = 0.9, β2 = 0.999) with an initial learning

rate of 1 × 10−4. A decaying learning rate scheduler was
used, decaying every 120 epochs, for a total of 600 epochs
of training. In the second phase, to improve the end-to-end
foreground blurring issue, We added an enhancement mod-
ule to make the foreground clearer, using only one resid-
ual block. The training dataset for this augmentation model
uses the ground truth (GT) data from the original image
of EBB! dataset. Degradation techniques such as blurring,
adding noise, and reducing contrast were employed. Pair-
wise training sets were constructed, and only L1 loss was
used during training.

4.3. Depth Map

As mentioned earlier, PyNET inputs both the original
image and the depth map into the network to generate
higher-quality bokeh effects. However, this method signifi-
cantly increases model processing time and cannot achieve
real-time performance. Inspired by this, we considered us-
ing depth maps to assist model training, assigning different
weights to different regions of the image when calculating
the loss, thus playing a role in saliency detection. To gener-
ate stable and reliable depth maps, we used the open-source
deep anything v2 model to generate corresponding depth



Figure 5. From left to right: input images, the results of BGGAN, the results of PyNET, the results of our TinyNet. Zoom in for better
visualization.

Figure 6. From left to right: input images, the results of our TinyUnet, the results of our Glass-Enc-Net. Zoom in for better visualization.

maps for the EBB! dataset, as shown in Figure 3. 4.4. Ablation Studies

We present two approaches for producing bokeh effects:
the first is tailored to real-time scenarios, ensuring a harmo-
nious compromise between performance and visual fidelity,



Snapdragon 8 Elite Gen5 MediaTek Dimensity 9500
Team PSNR MOS GPU,ms / NPU,ms GPU,ms / NPU,ms Score

ZX VIP 22.58 6.5 19.7 / 16.8 42.6 / 11 282
Motong-AI-Studio 23.83 6.7 1826 / error 2801 / error 4.8

AVC2 23.54 1.5 16.6 / 17.2 38.3 / error 0.32
Manis 19.2 1.1 129 / 43.2 191 / error 0.03

UCAS ICT 22.93 1.7 204053 / error 179710 / error 0

Table 1. Quantitative Evaluation of MAI 2026 Bokeh Effect Ren-
dering Challenge.

and the second is dedicated to achieving superior image
quality, with minimal concern for computational speed. We
developed the TinyUnet model, as shown in Figure 1, tai-
lored for real-time usage, to strike a balance between output
quality and computational efficiency. In addition, we cre-
ated a network called Glass-Enc-Net, as shown in Figure 2,
which emphasizes the quality of the bokeh effect rather than
optimizing efficiency. In the training process, depth infor-
mation was utilized to support model learning, as shown in
Figure 3, and the loss function incorporated spatially vary-
ing weights for different areas. This approach results in a
blurred background with the foreground kept sharp when
the main subject is distinct. As shown in Figure 4, depth
maps are used to assist in loss calculation during train-
ing, and different regions are assigned different weights.
This results in the trained model maintaining more com-
plete foreground details in the bokeh effect. Nevertheless,
the above results, using end-to-end bokeh, exhibit a slight
foreground blur compared to the original image. There-
fore, we added an enhancement model during inference, as
shown in Figure 4. After adding the enhancement model,
the foreground of the bokeh result is clearer.

4.5. Quantitative Evaluation

The organizers of the MAI2026 Realistic Bokeh Chal-
lenge conducted a comprehensive evaluation of the results
submitted by each participating team on the EBB! test set.
This evaluation employed established image quality met-
rics, including Mean Opinion Score (MOS), Peak Signal-
to-Noise Ratio (PSNR), and other relevant quantitative and
perceptual metrics. To evaluate the model’s efficiency, we
measured its inference latency on a 1024×1536×3 reso-
lution image using AI Benchmark (FP16 precision with
TFLite GPU and NPU delegates). The tests were conducted
on platforms equipped with MediaTek Dimensity 9500 and
Snapdragon 8 Elite Gen5 chipsets. The results are shown in
Table 1. The final score is calculated by incorporating the
average GPU inference latency from both test devices and
the Mean Opinion Score (MOS). Our TinyUnet strikes a
good balance between performance and bokeh, resulting in
a higher overall score that significantly surpasses the scores
of other teams’ submissions.

4.6. Visual Comparision

Our proposed TinyUnet algorithm was compared and
evaluated with BGGAN and PyNET (without computa-
tional limitations) in terms of subjective visual quality. Our
TinyUnet has an advantage in bokeh result sharpness and
can achieve real-time inference, as shown in Figure 5. Al-
though the lightweight TinyNet network achieves good re-
sults in balancing bokeh effect and running efficiency, it
has obvious defects on some images, as shown in Figure
6. Therefore, we tried to increase the network complexity
without considering efficiency constraints. Our proposed
Glass-Enc-Net shows significant improvement.

5. Conclusion

In this paper, we proposed two end-to-end solutions
for bokeh rendering: TinyUnet for real-time performance
and Glass-Enc-Net for high-quality results. To prevent
foreground blurring, we utilized depth maps only during
the training phase to spatially weight the loss function to
achieve depth-aware rendering without adding computa-
tional overhead during inference.Additionally, a lightweight
enhancement network based on a single residual block was
introduced during inference to sharpen the foreground. In
training, a combination of L1, perceptual, and SSIM loss
functions was employed to achieve realistic bokeh effects.
We evaluated the model’s performance on smartphone plat-
forms powered by MediaTek Dimensity 9500 and Snap-
dragon 8 Elite Gen5 chipsets, using GPU and NPU del-
egation methods respectively. The results show that this
method achieves real-time performance on mainstream flag-
ship smartphones and significantly improves image clar-
ity and overall performance, outperforming uncompromis-
ing PyNET and BGGAN networks by several times. Our
lightweight TinyUnet model placed first in the 2026 Mobile
AI challenge for realistic bokeh rendering.
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