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Light Field Image Restoration via Latent Diffusion
and Multi-View Attention

Shansi Zhang

Abstract—Light field (LF) images contain information for mul-
tiple views. The restoration of degraded LF images is of great
significance for various LF applications. Inspired by the recent
achievement of denoising diffusion models, we propose a LF image
restoration method based on latent diffusion (LD). We design a
LDUNet with efficient cross-attention modules to integrate the
features of conditional input, and propose a two-stage training
strategy, where the LDUNet is first trained on the individual views
and then fine-tuned on the LF images with injected prior noise. A
refinement module is jointly trained in the second stage to enhance
the spatial-angular structures. It consists of multi-view attention
blocks with patch-based angular self-attention to fuse the global
view information. Moreover, we introduce an enhanced noise loss
for better noise prediction and an auxiliary image loss to obtain
high-quality images. We evaluate our method on LF image derain-
ing task and low-light LF image enhancement task. Our method
demonstrates superior performance on both tasks compared to the
existing methods.

Index Terms—Cross-attention, latent diffusion, light field, prior
noise, multi-view attention.

I. INTRODUCTION

IGHT field (LF) refers to the collection of light rays in
L space. A plenoptic camera can capture the entire light field
of a scene in a single shot to produce LF images [1], [2]. Multiple
sub-aperture images (SAls) that record the scene from different
perspectives can be extracted from each raw LF image. This
property enables many applications, such as post-capture refo-
cusing [3], depth estimation [4], [5], scene reconstruction [6],
and salient object detection [7]. However, these applications
could be affected by various degradations caused by bad weath-
ers, low-light conditions, motion blur, etc. Therefore, LF image
restoration algorithms should be developed in order to obtain
high-quality LF images for better applications.

Nowadays, deep learning has demonstrated greater power in
image restoration tasks compared to traditional methods. Var-
ious advanced architectures based on the convolutional neural
network (CNN) and vision transformer are designed to achieve
superior performance. Different from single images, the research
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on LF image restoration should focus on not only the feature
extraction within the individual views but also the utilization
of multi-view information. There have been some methods
developed for specific LF image restoration tasks, such as rain
removal [8], [9], low-light enhancement [10], [11], [12], [13],
[14], [15] and deblurring [16], [17]. Regarding LF image de-
raining, the existing methods [8] and [9] both involve a complex
pipeline with separate networks to achieve depth estimation and
rain streak removal. They also adopt the generative adversarial
network (GAN) architecture to improve image qualities. Re-
garding low-light LF enhancement, various frameworks were
developed, including the L3Fnet [12] with global representation
block to encode LF geometries, deep Retinex frameworks [11],
[18] with LF decomposition and enhancement, a three-stage
framework [13] with global activation, view selection and RNN-
based feedforward network, and the LRT [14] that contains
spatial-angular transformer blocks and multiple heads to im-
plement intermediate tasks. Regarding LF image deblurring, a
deep recurrent network [16] and a view adaptive network [17]
were developed to solve the problem of LF motion blur. Instead
of focusing on task-specialized solutions, our objective is to
develop a unified architecture that can be effectively applied to
various LF restoration tasks.

Diffusion models have recently demonstrated remarkable per-
formance in generating high-quality images. Denoising diffu-
sion probabilistic models [19] (DDPMs) were first proposed,
which learn to denoise a sample iteratively from a noise distribu-
tion. Afterwards, some variant diffusion models were proposed,
including the denoising diffusion implicit models (DDIMs) [20],
which remove the need of simulating a Markov chain to ac-
celerate sampling, and the latent diffusion models [21], which
are trained on the latent space to reduce computational cost
and memory consumption. Diffusion models have also been
proven to be effective for image restoration tasks by taking the
degraded image as the conditional input. Some corresponding
methods were developed to achieve deblurring [22], super-
resolution [23], low-light enhancement [24] and multi-weather
restoration [25] for single images.

Along this line, we present a LF image restoration method
based on latent diffusion (LD). Specifically, we propose a
LDUNet with efficient cross-attention modules to perform de-
noising in the latent space. Our cross-attention modules employ
intermediate tokens with small size to integrate the features
of input image to the denoising process, which involves less
computation than the common operations. To fully utilize the
views of LF images, the LDUNet is first trained on the individual
views. Then, it is fine-tuned on the LF images with injected prior
noise by considering the correlation among the views, which
leads to an enhanced noise loss for better noise prediction. In
addition, we introduce a refinement module with multi-view
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Fig. 1. (a) Diffusion process (blue line) and reverse process (purple line)
in latent space. (b) Architecture of LDUNet with efficient cross-attention
modules.

attention blocks to fuse the global angular information for bet-
ter spatial-angular structures, which is jointly trained with the
LDUNet in the second stage. Our method demonstrates superior
performance on both the LF image deraining and low-light LF
image enhancement tasks.

II. METHOD

A LF image is represented as X € RUXV>3xHxW “\yhich
consistsof U x V' SAIs with spatial resolution I x W. A single
SAI (view) is denoted as x € R¥*#*W Tn what follows, we will
introduce the architecture of our diffusion network, LDUNet, the
training pipeline for LF image restoration and the multi-view
attention in refinement module in detail.

A. LDUNet

Diffusion models [19] are a kind of generative models that
learn a data distribution with iterative denoising. However, train-
ing diffusion models in the pixel space for high-resolution image
generation causes huge computational cost. Thus, we employ
the latent diffusion [21] that operates on the low-dimensional
latent space to reduce computational complexity and improve
efficiency.

We first train a VAE [26] with an encoder £ to encode an
image xo € R*>*®*W into a latent representation zo = £ (xo)

EROTEXT (kisa downsampling factor) and a decoder D to
reconstruct the image from zq. The diffusion process sequen-
tially adds Gaussian noise to z, formulated by ¢(z¢|z;—1) =
N (2z4;/1T = Bizi—1, B;1), as shown in Fig. 1(a). We can
marginalize the diffusion process to obtain z; = \/a;zg +
v/1 — ae; atany time step, where vy = 1 — (B¢, &y = H§:1 o,
and e, ~ N (0,I).

We design a LDUNet, as depicted in Fig. 1(b), which takes
as inputs z,, t after embedding and a degraded image x4, and
outputs the predicted noise &; = €y(z¢, X4, t) injected to zg. z;
and x4 are first fed to separate feature extractors that consist
of residual blocks to gradually downsample the features. We
propose an efficient cross-attention (ECA) module to integrate
the features of x4 to the features of z; at different scales. Q; €
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R"w*¢ g obtained from the feature of z; while K; € R"*¢ and
V4 € R"*€ are obtained from the feature of x4 by linear layers.
Instead of computing cross-attention directly using Q;, K4 and

hw
V4, we introduce two pooled tokens P; € R+Z ¢ and Py €

hw
R 2 *¢, derived by average pooling with a linear projection on
the corresponding features, where r is a pooling factor. The
calculation procedures are as follows

P,K7

M, = Softmax (iﬁ) A\ 1)
QP!

Fca = Softmax e My, )

where M, € R%‘U *¢ is the intermediate token and Fca €
R 5 the feature after cross-attention.

Given the feature size ¢ X h x w, the computational complex-
ity of our cross-attention is calculated by

2hwe?  4(hw)?c
Jr

Qpca = 4hwe® +
ECA wce 2 2

. 3

where r is set to 4 and cis in the range 32 ~ 256. Thus, our cross-
attention module involves less computation than the common
cross-attention operation with complexity 4hwc? + 2(hw)?c.

B. Training Pipeline

The training of diffusion models usually requires a large
amount of data. However, there is a scarcity of large datasets
for LF image restoration. Thus, we first train the LDUNet on the
individual views of LF images so that more images can be used
for training. The training objective is to minimize the error of
noise prediction, expressed as

Los = Ezt,xd,et,t [”et - EG(Zt,Xd,t>”1] . 4)

Moreover, we can obtain the predicted latent representation
70 = \/% (zt — /1 - dteg(zt,xd,t)). Zo is fed to the VAE
decoder to obtain the predicted image Xo = D(%). To improve
the visual quality of generated images, we introduce an image
loss term £(-) comprising of content loss with ¢; norm, SSIM
loss and perceptual loss, expressed as

l:im = f(f(o,Xo) = ||§(0 — XQ||1 + SSIM()A(O,XO)
+ [[¢(%0) — &(x0)ll1, Q)

where ¢(-) denotes extracted deep features from a pretrained
VGG network [27]. Thus, the full loss for the first-stage training
is £1 = »Cns + »Cim~

In the second stage, we further fine-tune the LDUNet on the
LF images while enhancing the spatial-angular structures with
a refinement module, as shown in Fig. 2. The views in a LF
image are interrelated and share similar contents. If the noise
added to each view is independent, the diffusion process may
ignore the relationship among the views and therefore cause
the inconsistency of restored spatial information. Given this, we
introduce the prior noise E; € RY*V*cox s injected to each
LF image, where the noise samples for the individual views are
correlated. The noise added to the central view is denoted as
ef ~ N(0,I), and the noise added to each peripheral view is
represented as

el = /el + /1 — e, (©6)
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where e} ~ N(0,1) is the individual noise per view and v €
[0, 1] denotes the ratio of the shared noise ef. E; consists of e}
for the central view and e} for all the peripheral views.

During training, we first obtain Zgy = &(Xp) and
Zi = \/a;Zo + /1 —a;E; for each LF image. Then, Z,
and degraded LF image X, are fed to the pretrained LDUNet
to output estimated noise E,, with e; for the central view and
&Y for the peripheral views. The estimated individual noise can
be obtained by &} = —Z=(&} — \/7€{). Thus, we introduce an
enhanced noise loss to provide stronger supervision for noise
prediction, with

Lons = [Ee = Eelly + lef — &1+ lei —&jlls, (@

where > denotes summation over all the peripheral views.

Then, we can obtain Z, = \/%71 (Zt —/1= o?t]:]t),whichis
fed to the VAE decoder to output X, = D(Zg). The concatena-
tion of X and X is further passed through a refinement module
‘R with multi-view attention blocks to refine the spatial contents
and angular geometries, obtaining the final restored LF image
Xo, with

X, :R({XO,XdD +Xo, ®)

where [-] denotes concatenation.
The image loss is applicid to both X and X, with Lip; =/

(Xo,Xo) and Limy = £(Xo,Xo). Thus, the full loss for the
second-stage training is written as

£2 - [fens + Eiml + Lim2- (9)

C. Multi-View Attention

Fig. 3 shows the structure of our multi-view attention (MVA)
mechanism, which aims to fuse the global view information for
assisting the restoration of each individual view. The input fea-
ture Fy, € RU*V>exhxw g first divided into n groups along the
channel dimension, and the feature of each view is divided into
m x m patches. Then, all the patches are fed to a global average
pooling (GAP) layer to obtain the patch tokens, which are further
processed by the layer normalization (LN) and linear layers with
parameter matrices W and W g to derive Q, € RMAnxUV x5

and K, € R™"<UVX3 | Self-attention is computed using the
patch tokens from the same location of each view to obtain

Xo

Refinement
module

Xo_| Image loss ‘
Limz

Image loss
Liml

Training pipeline for LF images. The LDUNet is fine-tuned with injected prior noise, and a refinement module is trained jointly to improve spatial-angular

7 Z z
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\'\
Fout
&69‘— Conv
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Fin |® Matrix multiplication |

| Element-wise addition|

Attention maps A

Fig. 3. Multi-view attention with patch-based angular self-attention used in
the refinement module.

T
the attention maps A = Softmax <?/“%> e RM*nxUVxUV_

c/n
The multiplication of attention maps and reshaped F}, is passed
through a3 x 3 convolution layer, and then added to Fj;, to obtain
the output feature F, = Conv(AFy,) + Fiy.

The refinement module consists of several residual blocks
for spatial feature extraction and multi-view attention blocks,
which operate on different scales and are equipped with skip
connections.

III. EXPERIMENTS

A. Implementation Details

Regarding the VAE, its encoder downsamples the image by a
factor k = 8 and the channel number of the latent representation
is cg = 4. The VAE was trained on the individual views of LF im-
ages with a learning rate 1 x 1073 for 600 epochs. The LDUNet
was trained for 500 epochs with a learning rate 5 x 10~ in
the first stage. The LDUNet and the refinement module were
jointed trained for additional 500 epochs with leaning rates
1 x 107*and 5 x 10~4, respectively, in the second stage. Adam
optimizer [28] was used in all the training processes. During
testing period, we employ the sampling approach in DDIM [20]
to accelerate inference.

B. Comparison

We apply our diffusion-based method on two tasks, LF image
deraining and low-light LF image enhancement. Regarding LF
image deraining, the condition input to the LDUNet is the
rainy LF images. We compared our method with two single
image deraining methods, BRN [29] and DRT [30], and two LF
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TABLE I
QUANTITATIVE RESULTS ON LF IMAGE DERAINING

Method ‘ PSNRT  SSIMtT  LPIPS|
BRN [29] 27.480 0.947 0.024
DRT [30] 26.479 0.909 0.048
DEBRNet [8] 26.802 0.903 0.046
MGPDNet [9] 28.654 0.930 0.034
Ours 32.200 0.957 0.021
The bold values are indicates the best results.
Ground truth

Input BRN DRT Ours

T
T00

|
24.424/0.945
DEBRNet

22.606/0.902 28.920/0.951

Input

MGPDNet Ours

Ground truth

II\IIIWIIW _I- TSN 7 "0 MM 1 T
929 28.356/0.937 33.079/0.962

Fig. 4. Visual results of different deraining methods. Zoom in for best view.

TABLE II
QUANTITATIVE RESULTS ON LOW-LIGHT LF IMAGE ENHANCEMENT

| Synthetic | Real-world
Method | PSNRT  SSIMf LPIPS| | PSNRT SSIMf  LPIPS|
LFRetinex [11] 21.610 0.719 0.182 21.896 0.702 0.175
L3Fnet [12] 21.916 0.737 0.192 22.110 0.722 0.166
TSNet [13] 22.431 0.773 0.171 22.566 0.730 0.161
PMSNet [15] 24.291 0.815 0.125 23.627 0.789 0.121
Ours 26.152 0.832 0.100 25.866 0.823 0.094

The bold values are indicates the best results.

image deraining methods, DEBRNet [8] and MGPDNet [9]. We
trained and evaluated all these methods on the dataset provided
by [9]. The quantitative results in terms of PSNR, SSIM [31] and
LPIPS [32] are listed in Table I. Some visual results including the
central views and epipolar-plane images (EPIs) with correspond-
ing PSNR/SSIM score are shown in Fig. 4. We can observe that
our method achieves better performance on LF deraining with
better quantitative results and visual qualities compared to the
other methods.

Regarding low-light LF enhancement, the condition input
is the concatenation of low-light LF image and its color map
obtained by the approach in [24]. We compared our method
with the existing low-light LF enhancement methods, including
LFRetinex [11], L3Fnet [12], TSNet [13] and PMSNet [15].
We trained all the methods on the synthetic dark LF images
using the synthesis pipeline in [14] and some real-world dark
LF images from the L3F dataset [12]. We then evaluated these
methods on both the synthetic and real-world dark LF images
in the test sets. The quantitative results are listed in Table II and
some visual results are presented in Fig. 5. It can be seen that
our method outperforms the other methods and obtains higher-
quality LF images in terms of illumination, color and object
details.
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Input

LFRetinex L3Fnet Ours Ground truth

[N 1 AU N NN N Y NN T SRR 0 OO N[0
22.136/0.787 22.262/0.792 27.066/0.853
TSNet PMSNet Ours

Input Ground truth

21.829/0.680 22.396/0.710 25.947/0.808

Fig. 5. Visual results of different low-light LF enhancement methods. Zoom
in for best view.

TABLE III
ABLATION STUDIES ON LF IMAGE DERAINING

ECA  Prior noise ~MVA ‘ PSNRT  SSIMt  LPIPS|
X v v 30.441 0.934 0.036
v X v 31.833 0.953 0.024
v v X 30.045 0.926 0.048
v v v 32.200 0.957 0.021

The bold values are indicates the best results.

C. Ablation Studies

We conducted several ablation studies to validate our effi-
cient cross-attention module, prior noise for LF images and
multi-view attention mechanism, respectively. We first trained
an additional model by replacing our cross-attention mod-
ules in LDUNet with the modules in [21], which use the
conditional feature map with the lowest resolution to calcu-
late cross-attention. The quantitative results on LF image de-
raining are listed in Table III. We can see that the perfor-
mance of this configuration (w/o ECA) is worse than our de-
fault setting, verifying the effectiveness of our cross-attention
module.

We then trained an additional model without the prior noise
while replacing the enhanced noise loss with the common noise
loss. The quantitative results of this configuration (w/o prior
noise) have some decline compared to our default setting, which
demonstrates that the prior noise for LF images with enhanced
noise loss helps to improve the performance.

We also trained an additional model by replacing our multi-
view attention with the angular convolution [33] in the re-
finement module (w/o MVA). The angular convolution is a
commonly used approach to extract angular features. The cor-
responding results indicate that our multi-view attention con-
tributes to better performance in LF image restoration.

IV. CONCLUSION

We present a diffusion-based LF image restoration method,
which contains a LDUNet with efficient cross-attention mod-
ules to perform denoising in the latent space. We propose a
two-stage training strategy, where the LDUNet is first trained
on the individual views and then fine-tuned on the LF images
with injected prior noise. A refinement module with multi-view
attention blocks is jointly trained in the second stage to enhance
the spatial-angular structures.
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