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Abstract 

The Deep Image Prior(DIP) suggests that it is possible to train a randomly initialized network with a 
suitable architecture to solve the inverse imaging problem by simply optimizing its parameters to 
reconstruct a single degraded image. However, the learning effect it seeks is often achieved with the 
most naive local convolution, which inevitably leads to the inverse imaging problem being limited 
by the model’s generative ability. Furthermore, image info is often not related to surrounding pixels 
but to overall color and spatial info. Simple local convolution in inverse imaging can’t capture precise 
details. Moreover, DIP is an unsupervised process but requires iterations to learn inverse imaging, 
consuming computational power and limiting adaption of global attention. To solve these problems, 
this article explores the possibility of globalizing the DIP task’s learning and introducing tri-
directional multi-head self-attention to optimize the computation consumption brought by pixel-
level attention. Our observations found that global learning can effectively enhance the detail 
information of edge pixels, making images more vivid and textures clearer. In addition, tri-directional 
multi-head self-attention can efficiently replace the global perception ability of pixel-level self-
attention. Finally, we demonstrate that global learning can effectively improve the imaging effect of 
inverse imaging problems and enhance the information of texture edge pixels. Moreover, tri-
directional multi-head self-attention can effectively alleviate the computation redundancy of pixel-
level self-attention, thus achieving efficient and high-quality inverse imaging tasks. The principles of 
this approach—global feature capture and efficient attention modeling—extend its potential 
applicability beyond imaging to domains such as software security. For instance, it can enhance tasks 
like vulnerability analysis by reconstructing obscured code patterns and improve threat modeling 
through efficient correlation of multi-dimensional attack vectors, balancing detail fidelity with 
computational practicality. 

Keywords: image denoising; efficient deep image prior; spatial-channel attention transformer 

 

1. Introduction 

Deep neural networks have been widely used in many computer vision and communication 
system tasks, and since AlexNe t[17], they have made significant improvements compared to 
traditional methods. However, image denoising has always been a task where traditional methods 
(such as BM3D [4]) excelled over early deep learning-based methods [14, 21, 33]. Until the emergence 
of DnCNN [36], it outperformed traditional methods in dealing with synthetic Gaussian noise at the 
cost of a large number of noise-free and noisy image pairs[5, 6, 23, 26, 27, 40]. 

The Deep Image Prior (DIP [28]) model does not require clean and/or noisy image pairs and has 
demonstrated that a randomly initialized network with an hourglass structure can serve as a prior 
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for several inverse problems, including denoising, super-resolution[2, 9, 19, 20], and recovering a 
single degraded image[32, 37, 38]. Although the DIP model exhibits excellent performance in these 
inverse problems, denoising is a specific task that the DIP model struggles with. Even for synthetic 
Gaussian noise settings, a single run produces a PSNR that is significantly lower than that of BM 3D. 

Additionally, monitoring the PSNR (requiring clean ground truth images) and terminating 
iteration before fitting the noise is necessary to achieve optimal performance. The deep decoder 
proposes a strong structure regularization to address this issue, allowing for longer iterations of 
inverse problems including denoising. However, due to its lower model complexity, its denoising 
performance is inferior to the DIP model. 

However, the existing DIP series of studies still adopt the original ConvNets [3, 11, 13, 15, 16] as 
backbone for the corresponding unsupervised image recovery task, which inevitably leads to the fact 
that the recovered results, although capable of smoothing out the noise, will face the common 
problem shared by localized convolutional neural networks, i.e., unable to ideally deal with the 
details of the edge texture. Considering that the process of DIP is realized through a certain iterative 
process, it inevitably consumes a noticeable amount of time to get the desired result. This also leads 
to the fact that the existing in-depth studies on DIP do not consider enhancing the corresponding 
image generation capabilities from the most basic aspect of codec networks. This is mainly due to 
two reasons: 1) the performance of the generative network tends to be positively correlated with its 
corresponding computational scale, which limits the development of research on improving the 
generative capability of the model; and 2) the number of iterations of the generative process is huge, 
so any small increase in the computational efficiency of the generative network will lead to a huge 
time consumption of the generative process. Therefore, the optimization of this codec backbone must 
satisfy two conditions at the same time: performance and efficiency. 

 
Figure 1. Time costs comparisons and visual comparisons of our methods with DIP on image super-resolution 
for 4× SR. 
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In recent years, transformer has developed rapidly in the field of computer vision due to its 
global retrieval of images. However, the high performance of transformer is often accompanied by a 
huge computational consumption, and in recent years, high efficiency and high performance 
transformer-based image restoration methods[29, 32] similar to the Restormer[33] family have 
emerged.Restormer overcomes the high computational consumption of pixel global attention by 
calculating channel attention correlation matrices, enabling it to perform image restoration tasks as 
efficiently as the ConvNets to perform image restoration tasks as efficiently as ConvNets. Inspired 
by the channel attention mapping, this paper proposes spatial-channel attention for learning global 
information more efficiently and effectively improving the edge texture details of the generated 
image without higher than the original computational consumption[5, 6, 26, 34, 35, 39]. Among them, 
spatial-channel self-attention additionally adds the learning of self-attention maps in the horizontal 
and vertical spaces in the image to the learning of the original channel-level attention maps. For pixel-
level global attention, the learned relevant information is not always appropriate. Moreover, pixel-
level global attention learning requires very large hardware space requirements as well as 
computational consumption and time consumption. Therefore, spatial-channel self-attention can 
effectively avoid computational redundancy and improve imaging performance. We summarize the 
main contributions of this work as follows: 

� We propose an unsupervised DIP method based on TMTA. Our method is optimized on 
the backbone of the original DIP, which means that all methods for subsequent DIP sequences can 
seamlessly incorporate our optimization. Thus, it can directly improve the performance of the 
methods related to the DIP series. 

� We propose for the first time a DIP approach based on self-attention. Our approach is 
competitive with ConvNets in terms of efficiency, while a significant improvement in recovery 
performance makes it applicable to the iterative generation process of DIP. 

� As shown in Fig. 1, extensive experiments demonstrate that our approach has demonstrable 
improvements in performance and time consumption. Moreover, the method can be used as an 
optimized version of the subsequent DIP algorithm. 

2. Proposed Method 

This section will introduce a efficient DIP (TM-DIP) based on Triple Multi-Head Transposed 
Attention (TMTA). Our main goal is to introduce global self-attention into the DIP task. Unlike 
previous DIP methods, TM-DIP overcomes the global smoothness of the convolution process from 
the computational efficiency point of view, and enhances the information of the edge texture details 
through global self-attention learning. As a result, our method achieves an organic unity in efficiency 
and performance. In the following subsections, we will first give an overview of the proposed TM-
DIP. Then, we analyze the computational efficiency of the proposed global attention of the method. 
finally, we will elaborate on the core components of the proposed method. 

2.1. Deep Image Prior (DIP) 

Let a noisy image 𝑦 ∈ 𝑁  be modeled as: 

y= 𝑥 + 𝑛, (1)

where 𝑥 ∈ 𝑁  be a noiseless image that one would like to recover and 𝑛 ∈ 𝑁  be an 𝑖.𝑖.𝑑. 

Gaussian noise such that 𝑛 ∼ 𝑁 (0, 𝜎2I) where I is an identity matrix. Denoising can be formulated as 
a problem of predicting the unknown 𝑥 from known noisy observation 𝑦. Ulyanov 𝑒𝑡 𝑎𝑙. [27, 28] 
argued that a network architecture naturally encourages to restore the original image from a 
degraded image y and name it as deep image prior (DIP). Specifically, DIP optimizes a convolutional 
neural network h with parameter by a simple least square loss 𝐿 as: 𝜃ˆ = arg min 𝐿(h(𝑛ˆ;𝜃),𝑦),  (2)
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𝜃 

where 𝑛ˆ is a random variable that is independent of 𝑦. If h(•) has enough capacity (𝑖.𝑒., 
sufficiently large number of parameters or architecture size) to fit to the noisy image 𝑦, the output of 
model h(𝑛ˆ;𝜃) should be equal to y, which is not desirable. DIP uses the early stopping to obtained 
the results with best PSNR with clean images. 

2.2. Backbone of Deep Image Prior (DIP) 

The prior defined by implicit Eq. 2 is implicit and does not define an appropriate probability 
distribution in image space. However, it is possible to extract "samples" (in a loose sense) from this 
prior by means of random values of the parameter 𝜃 and the generated image 𝑓 (𝜃) . In other words, 
we can visualize the starting point of the optimization process Eq. 2, before fitting the parameters to 
the noisy image.DIP analyzes such "samples" from the depth prior captured by different hourglass-
type architectures. The generative network chosen for the classical DIP is still used in subsequent 
studies as shown in Fig. 2. Therefore, this architecture is naturally the most popular choice for 
generating ConvNets[7, 8, 30, 31]. Instead, we optimize the generative network of the DIP from its 
roots so that it can be applied to all DIP-based research efforts. 

 

Figure 2. Illustration of our proposed TM-DIP. We use “hourglass” (also known as “decoder-encoder”) 
architecture same as the classical DIP. We sometimes add skip connections (yellow arrows). 𝑢𝑖, 𝑑𝑖, 𝑠𝑖, 𝑡𝑖 
correspond to the number of filters at depth i for the upsampling, downsampling, skip-connections and non-
local selfattention respectively. 𝑛𝑢[𝑖], 𝑛𝑑 [𝑖], 𝑛𝑠 [𝑖] correspond to the number of filters at depth i for the upsampling, 
downsampling and skip-connections respectively. The values 𝑘𝑢[𝑖], 𝑘𝑑 [𝑖], 𝑘𝑠 [𝑖] correspond to the respective 
kernel sizes. 

2.3. Overview of TM-DIP 
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Figure 3. Illustration of a solution trajectory of ours and DIP. We consider the problem of reconstructing an 
image X from a degraded measurement Y. Ours changes DIP’s solution trajectory from black to orange and is 
close to noiseless solution (X).The black line denotes the ideal state optimized by iteration to the degenerate 
image Y. The purple line denotes the direct mapping without adding any prior knowledge. The green line 
denotes the optimization path with ConvNets as the baseline, representing local optimization as well as global 
homogenization. The brown line denotes our transformer-based optimization path, representing global 
optimization as well as local edge texture enhancement. 

As shown in Fig. 2, there are four main components: the downsampling module, the upsampling 
module, the hopping connection module, and our proposed spatial-channel self-attention module. 
Among them, the down-sampling module, the up-sampling module, and the hopping connection 
still follow the structure of DIP, while the added spatial-channel self-attention module can be 
embedded into the generative network of DIP as a plug-and-play module. As shown in Fig. 2, the red 
dashed box shows the process of combining the up-sampling and spatial-channel self-attention 
modules. Although ConvNets are able to accomplish the task of high-fidelity imaging of the original 
image, they are overly noise-smoothed due to local convolutions and are homogeneous with respect 
to the global information, mainly because most of the regions in the image are smooth and unvarying. 
As shown in Fig. 1, the defects of DIP at the edge texture sites are obvious, while the optimization of 
TM-DIP at the edge sites is significant. In other words, it is understood that Y is the degraded texture 
image and X is the corresponding clear image as shown in Fig. 3. ConvNets-based DIP is able to 
smooth out the degraded part of the Y image, but it also smooths out the important edge texture 
information and content in X. The DIP can be used to optimize the edge texture information and 
content in X, while the TM-DIP can be used to optimize the edge texture information. On the other 
hand, TM-DIP based on spatial-temporal global attention is committed to add global attention on top 
of convolutional smoothing of noise, which greatly recovers the important edge texture information 
and content in X. In addition, the effect of convolutional smoothing makes TM-DIP’s recovery ability 
somewhat limited, i.e., it does not have the ability to recover degraded texture information (degraded 
texture information is independently uncorrelated with image information). It is this one 
characteristic that TM-DIP is just in the interval of recovering edge texture information and 
degradation information, making it only able to recover detail information but not able to pay 
degradation information, which is in line with the optimal state of the image recovery task. 

2.4. Triple Multi-Head Transposed Attention 

In addition to the above approaches, TMTA considers a very significant issue: the limitation of 
Transformer in image restoration lies in the huge computational complexity caused by the demand 
to complete high-resolution correlation calculation between various pixels. As shown in Fig. 2, the 
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pixel magnification of intermediate features has been scaled by ×16 , and the computation can be 
reduced by ×256 if the traditional self-attention mechanism of full pixels is adopted. Even so, when it 
comes to higher resolution images, there is still the problem of "high computational complexity". To 
this end, considering the information redundancy of full-pixel self-attention, TM-DIP proposes Triple 
Multi-Head Transposed Attention (TMTA). It decomposes the attention of characteristic pixels into 
three directions of self-attention for cooperative computation: horizontal self-attention, vertical self-
attention, and channel self-attention. 

 

Figure 4. Illustration of Triple Multi-Head Transposed Attention module(TMTA). The attention of characteristic 
pixels is decomposed into three directions of self-attention for cooperative computation: horizontal self-
attention, vertical self-attention, and channel self-attention. 

As shown in Fig. 4, the input features first pass through the "Layer Norm+PDConv" layer to 
generate the locally enriched 𝑞𝑢𝑒𝑟𝑦(𝑄), 𝑘𝑒𝑦(𝐾) and 𝑣𝑎𝑙𝑢𝑒(𝑉 ). The Layer Norm (LN) denotes the 
regular layer normalization, and the PDConv denotes the combination of Pointwise Convolution 
(PWConv) and Depthwise Convolution (DWConv). Then, the 𝑞𝑢𝑒𝑟𝑦(𝑄) and 𝑘𝑒𝑦(𝐾) are reshaped in 
three-dimensional directions, resulting in the horizontal 𝑞𝑢𝑒𝑟𝑦𝐻 (𝑄𝐻) and 𝑘𝑒𝑦𝐻 (𝐾𝐻), the vertical 𝑞𝑢𝑒𝑟𝑦𝑊 (𝑄𝑊 ) and 𝑘𝑒𝑦𝑊 (𝐾𝑊 ), and the 𝑞𝑢𝑒𝑟𝑦𝐶(𝑄𝐶) and 𝑘𝑒𝑦𝐶(𝐾𝐶), respectively. Then, matrix 
multiplication is performed on them respectively to generate three transposed attention matrices(Fig. 
5) with sizes of 𝐻×𝐻, 𝑊 ×𝑊 and 𝐶×𝐶, instead of the regular attention matrix 𝐻𝑊 ×𝐻𝑊 of characteristic 

pixels [10, 29]. It is worth noting that all three processes are transformed from 𝑞𝑢𝑒𝑟𝑦(𝑄), 𝑘𝑒𝑦(𝐾) and 
are synergistically related to each other. In general, the process definition of TMTA is as follows: 

X′ = 𝑊𝑝 Atention(Qs, Ks, Ys) +X, 

Atention(Qs, Ks, Vs) = Concat(AH, AW, AC), 

 AH=VH × Softmax(KH ×QH/𝛼𝐻), 

AW=VW × Softmax(KW ×QW/𝛼𝑊 )  

AC=VC × Softmax(KC ×QC/𝛼𝐶) 
(3)

where X and X′ denote the input and output features; Q𝑖 ∈ (𝑊𝐶×𝐻,  𝐻𝐶×𝑊 , 𝐻𝑊 ×𝐶), K𝑖 ∈ 

(𝐻×𝑊𝐶, 𝑊 ×𝐻𝐶, 𝐶×𝐻𝑊 ), V𝑖 ∈ (𝑊𝐶×𝐻, 𝐻𝐶×𝑊 , 𝐻𝑊 ×𝐶) denotes the horizontal, vertical, and channel 

reshaping by the generated𝑞𝑢𝑒𝑟𝑦(𝑄), 𝑘𝑒𝑦(𝐾) and 𝑣𝑎𝑙𝑢𝑒(𝑉 ), respectively; 𝛼𝑖  denotes a learnable 
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scaling parameter to control the size of the dot product of Q𝑖  and K𝑖  before applying the activation 
function. In the above expression, 𝑖 ∈ [H, W, C]. 

 
Figure 5. Illustration of Attention module of Triple Multi-Head Transposed Attention. TMTA’s attention consists 
of a LayerNorm module, three depth separable convolutions (PDConv), six matrix multiplications, and three 
point-wise convolutions. 

2.5. Efficiency of TMTA 

In this subsection, we analyze why our proposed TMTA possesses high efficiency. First, assume 
that the current shape of the input features is (B, C, H, W), the size of the convolution kernel is (K, K, 
C, C), and the head of the multi-head attention is set to 1 for ease of computation (the value of h does 
not affect the comparison results). The traditional ViT calculates the correlation between each pixel 
of an image, so its computation is positively correlated with the pixels of the image. With the 
continuous iteration and update of the technology, the requirements for image processing are now 
gradually increased from low resolution to high resolution. Therefore, its self-attention is calculated 
as the matrix product between the QUERY of shape (B, H × W, C) and the KEY of shape (B, C, H × 
W) to get the attention map of shape (B, H × W, H × W). The computation of this part is: 𝑂𝑃(ViT) = 𝐵 × 𝐻 ×𝑊 × 𝐻 ×𝑊 × 𝐶.  (4)

And the self-attention of TM-DIP is computed as the matrix product between QUERY of shape 
(B, C, H × W) and KEY of shape (B, H × W, C) to get the attention mapping of shape (B, C, C). Its 
corresponding computation is: 𝑂𝑃(TMTA) = 𝐵 × 𝐶 × 𝐻 ×𝑊 × 𝐶. (5)

It can be seen that the difference between the two equations lies in H × W and C. For an image 
of common resolution such as 256 × 256, the value of channel C hardly exceeds 512, which can be seen 
to be much smaller than H × W. Therefore, in terms of computation and memory requirements, TM-
DIP has a huge improvement in computational efficiency compared to all-pixel self-attention ViT, 
while in terms of performance it can sufficiently overcome the computation of redundancy, which is 
mainly due to the extremely high percentage of homogeneous pixels (background) for images. 

3. Experiments 
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3.1. Experimental Setup 

Implementation Details. To ensure the fairness of the comparison between methods, our method 
and classical DIP methods adopt the same classic datasets, include denoising, super-resolution, flash 
reconstruction and inpainting [1]. Consistent with the most primitive DIP, we used an encoder-
decoder ("hourglass") architecture (possibly with skip connections) for f in all experiments unless 
otherwise noted in Fig. 2, varying the hyperparameters by a small amount. 

Evaluation metrics. We use peak signal-to-noise ratio (PSNR) and cost time(s). The PSNR is 
widely used in denoising literature [16, 29, 51, 52, 53] but is recently argued that it is not an ideal 
metric as it values the oversmoothed results [21, 54]. We use the publicly available pre-trained 
weights based on AlexNet by the authors [54]. We additionally report the performance of the peak 
PSNR during optimization of our method as a reference (denoted as �Ours*’). 

3.2. Comparison with DIP on Denoising and Generic Reconstruction 

 
Figure 6. Blind image denoising. The deep image prior is successful at recovering both man-made and natural 
patterns. TM-DIP is able to recover detailed information on the eve of the number of iterations, whereas DIP can 
only approximate the result from a slow global averaging, which leads to deficiencies in important detail areas. 

Our approach is consistent with the original DIP in that it does not model the image degradation 
process that it requires for recovery. This allows it to be applied in a "plug-and-play" manner to DIP-
based image restoration tasks, where the degradation process is complex and/or unknown, and real 
data for supervised training is difficult to obtain. We validate that TM-DIP is effective and 
outperforms DIP in detailed areas by using the qualitative example in Fig. 6. As can be seen in the 
figure, TM-DIP is able to quickly focus on the learning of detailed regions at each stage of the 
iteration. For the iterative generation stages of DIP and TM-DIP, it can be observed that the 
convolutional neural network focuses on learning from global homogeneity, while the introduction 
of self-attention effectively enhances the detail information as well as the clarity. In other words, self-
attention focuses on the approximation of edge details, while the convolutional neural network test 
focuses on the smoothing of overall accuracy. 
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Figure 7. Blind restoration of a JPEG-compressed image. (electronic zoom-in recommended). Our approach can 
restore an image with a complex degradation (JPEG compression in this case). 

Fig. 7 also similarly demonstrates the learning efficiency of TM-DIP for detail information. 
TMDIP meaty is able to pay stronger attention to detail regions, while convolution-based DIP is based 
on global averaging for optimal learning, and the final result on DIP is blurred by the meaty in the 
edge texture region. 

3.3. Comparison with DIP on Super-resolution 

Table 1. Detailed super-resolution PSNR comparison on the 4× Set14. 
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24.
43 

25.8
5 

27.
11 

SRRes
Net-
MSE 
[19] 

23.00 26.08 
25.5

2 26.31 
23.4

4 
32.
71 28.13 33.8 

32.4
2 

27.
43 32.82 

34.2
8 

26.
56 

26.9
5 

28.
53 

LapSR
N [18] 22.83 25.69 25.3

6 26.21 22.9 32.
62 27.54 33.59 31.9

8 
27.
27 31.62 33.8

8 
25.
36 

26.9
8 

28.
13 

Table 2. Detailed super-resolution PSNR comparison on the 8× Set14. 
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No 
prior 

21.09 23.04 21.7
8 

23.63 18.6
5 

27.
84 

21.05 25.62 25.4
2 

22.
54 

22.91 25.3
4 

18.
15 

18.
85 

22.
56 

Bicubic 21.28 23.44 
22.2

4 
23.65 

19.2
5 

28.
79 

22.06 25.37 
26.2

7 
23.
06 

23.18 
26.5

5 
18.
62 

19.
59 

23.
09 

TV 
prior[22

] 
21.3 23.72 22.3 23.82 19.5 

28.
84 22.5 26.07 

26.7
4 

23.
53 23.71 

27.5
6 

19.
34 

19.
89 

23.
48 

SelfExS
R[25] 

21.37 23.9 
22.2

8 
24.17 

19.7
9 

29.
48 

22.93 27.01 
27.7

2 
23.
83 

24.02 
28.6

3 
20.
09 

20.
25 

23.
96 

DIP 21.38 23.94 22.2 24.21 19.8
6 

29.
52 

22.86 27.87 27.9
3 

23.
57 

24.86 29.1
8 

20.
12 

20.
62 

24.
15 

ours 21.49 24.07 
22.3

1 24.42 
19.9

7 
29.
71 22.95 27.94 

28.0
6 

23.
75 24.98 

29.3
1 

20.
15 

20.
71 

24.
37 

LapSR
N [18] 

21.51 24.21 
22.7

7 
24.10 

20.0
6 

29.
85 

23.31 28.13 
28.2

2 
24.
20 

24.97 
29.2

2 
20.
13 

20.
28 

24.
35 

Table 3. Detailed super-resolution PSNR comparison on the 4× Set5. 

 Baby Bird Butterfly Head Woman Avg 
No prior 30.16 27.67 19.82 29.98 25.18 26.56 
Bicubic 31.78 30.2 22.13 31.34 26.75 28.44 

TV prior[22] 31.21 30.43 24.38 31.34 26.93 28.85 
SelfExSR [25] 32.24 31.1 22.36 31.69 26.85 28.84 

DIP 31.49 31.8 26.23 31.04 28.93 29.89 
ours 32.25 31.95 26.45 31.17 29.21 30.21 

LapSRN [18] 33.55 33.76 27.28 32.62 30.72 31.58 
SRResNet-MSE [19] 33.66 35.1 28.41 32.73 30.6 32.1 

Table 4. Detailed super-resolution PSNR comparison on the 8× Set5. 

 Baby Bird Butterfly Head Woman Avg 
No prior 26.28 24.03 17.64 27.94 21.37 23.45 
Bicubic 27.28 25.28 17.74 28.82 22.74 24.37 

TV prior[22] 27.93 25.82 18.4 28.87 23.36 24.87 
SelfExSR [25] 28.45 26.48 18.8 29.36 24.05 25.42 

DIP 28.28 27.09 20.02 29.55 24.5 25.88 
ours 28.41 27.22 20.13 29.71 24.67 26.05 

LapSRN [18] 28.88 27.1 19.97 29.76 24.79 26.1 
We similarly use the center crop of the generated image to compute the PSNR (Tables 1, 2, 3 and 

4). Our method, while outperforming DIP in terms of accuracy, is still lower than the learning-based 
method. However, learning-based methods require a large amount of training time, which is a 
common problem with supervised learning. As can be seen from the tables, the improvement of TM-
DIP is obvious. 

3.4. Comparison with DIP on Inpainting 
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Figure 8. Comparison on text the inpainting task. 

 

Figure 9. Inpainting using different depths. 

We similarly compare the results in terms of inpaiting. The results were similar in terms of visual 
sensations for text inpainting(Fig. 8). In Fig 9, we compare the depth prior corresponding to different 
levels of architecture. We compare the visual differences between TM-DIP and DIP between different 
levels of architecture. It can be seen that the results recovered by TM-DIP still focus on non-smooth 
regions, while the results recovered by DIP focus more on smooth regions. 

3.5. Comparison with DIP on Flash-no Flash Reconstruction 

 

Figure 10. Reconstruction based on flash and no-flash image pair. The deep image prior allows to obtain low-
noise reconstruction with the lighting very close to the no-flash image. It is more successful at avoiding "leaks" 
of the lighting patterns from the flash pair than joint bilateral filtering [24] (c.f. blue inset). 

This subsection shows the results of the comparison in terms of Flash-no Flash Reconstruction 
in Fig. 10. It can be observed that the results of TM-DIP over DIP are closer to the original image in 
terms of color tone and detail. Moreover, the imaging results of DIP are diffuse and cannot have a 
proper contrast, or the contrast is more uniform. In contrast, MT-DIP is able to focus on the 
enhancement of specific areas as well as adapt the overall contrast. In addition, the global averaging 
learning of DIP makes the overall color tone of the image less a priori than TM-DIP. 
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3.6. Comparison with DIP on Time cost 

As shown in Fig. 2, TM-DIP implements global self-attention learning by replacing the 
convolutional structure in DIP. As previously analyzed, the convolutional structure of DIP contains 
multiple base operations instead of a single convolutional process, while the structure of our 
proposed TMTA is simple, and the computational complexity approximates that of a single 
convolution. In particular, it should be noted that TMTA and the conventional transformer have 
significant advantages in the processing of high-resolution images. This is due to the fact that TMTA 
is proportional to the image resolution, whereas the conventional transformer is proportional to the 
square of the image resolution, and this relationship creates an unbridgeable gap with increasing 
resolution. As shown in Fig. 1, the computational efficiency of TM-DIP is even better than that of DIP, 
which fully validates the computational efficiency of our proposed method as well as its foresight. 

4. Conclusions 

In this paper, we propose an efficient image denoising baseline called TM-DIP.TM-DIP 
introduces the Triple Multi-Head Transposed Attention mechanism, TMTA, in DIP. The TMTA 
mechanism decomposes the traditional all-pixel self-attention mapping computation into horizontal 
self-attention, vertical self-attention, and channel self-attention. Among them, the horizontal and 
vertical self-attention fit the spatial information of features, so TMTA can fully learn the feature 
information in the spatial-channel dimension. In addition, TMTA realizes the effect of fast 
computation by this multi-directional disassembly, and has improved time efficiency over DIP, while 
the visual effect is significantly improved over DIP in the learning of detail edges. In addition, the 
advantage of TMTA is that it can be applied to any other architectures as a standalone module with 
a certain guarantee of computational efficiency. And for all subsequent DIP methods, the addition of 
TMTA can provide a stronger enhancement to their findings. The principles of global learning and 
efficient structured attention presented in this work can also facilitate the reconstruction and analysis 
of complex structured data from corrupted inputs, with direct applicability to domains such as 
software security for vulnerability analysis. 
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