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SUPPLEMENTARY NOTE 1: PARAMETERIZED QUANTUM CIRCUITS11

PQCs represent a common framework for quantum machine learning design [1, 2]. Given the constraints of near-term hard-12

ware, hardware-efficient PQCs emerge as themost viable option for experimentally exploring the practical advantages of quantum13

computation [3]. Several noteworthy quantum machine learning algorithms have been proposed based on PQC, encompassing14

the quantum Boltzmann machine [4], quantum autoencoder [5, 6], and quantum reinforcement learning [7, 8]. These algorithms15

have been scrutinized for tasks such as MNIST classification, reconstruction, and low-dimensional distribution learning. Despite16

these investigations, there has been limited focus on their practical applications in the classical world. Classical machine learn-17

ing has achieved remarkable success in computer vision, natural language processing, and audio signal processing [9]. Quantum18

machine learning, facing challenges in near-term hardware, appears less amenable to handling real-world tasks. To bridge this19

gap, our focus is on investigating the practical advantages of quantum machine learning in real, rather than toy, applications. Ac-20

complishing this task solely using near-term quantum computers is challenging. Hence, we propose a hybrid quantum-classical21

quantum machine learning algorithm. In this approach, a classical neural network processes the heavy load of information, while22

quantum machine learning generates essential patterns. Consequently, quantum machine learning seamlessly complements the23

classical processing. This strategy aims to propel quantum computation into cutting-edge classical applications. Pretraining and24

fine-tuning, extensively explored in classical machine learning, have become powerful frameworks for training large models like25

ChatGPT, BERT, and others, which exhibit impressive performance in natural language processing and multi-modal learning.26

Recognizing this, PQCs hold great potential as pivotal components to enhance the out-of-distribution generalization ability of27

large models.28

Another critical aspect of PQCs is their resilience to noise. Given the inherent noise in near-term quantum devices, qubits29

are susceptible to both coherent and incoherent errors. In this study, we specifically focus on coherent errors, characterized30

by the random insertion of Pauli gates into the circuit. For clarity, we assume that single-qubit Pauli gates are perfect, while31

two-qubit gates exhibit noise. To simulate errors in two-qubit gates, we consider each two-qubit gate to undergo two single-32

qubit depolarization errors. As different qubits experience distinct noise, a unique random seed is assigned to each two-qubit33

gate, leading to diverse Monte Carlo simulations. Furthermore, we assume the error types to be consistent within a layer during34

coherent time. This assumption ensures the use of the same random seed for different layers of the PQC. The representation of35

the noisy quantum circuit is provided in Supplementary Figure 1. The depolarization channel can be mathematical described by3637

the linear combination of Kraus operators38

Np(ρ) =

3∑
i=0

KiρK†
i , (1)

where p denotes the depolarizing rate, ρ denotes the original quantum state and the Kraus operators can be written as39

K0 =

√
1− 3p

4
I, K1 =

√
p

4
X, K2 =

√
p

4
Y, K3 =

√
p

4
Z. (2)

The Kraus operators must satisfy the completeness relation, i.e.,
∑

iKiK† = I. The depolarization channel Np(ρ) can be40

understood as a uniform contraction of the Bloch sphere, parameterized by p. When p = 1, the channel returns the maximally-41

mixed state for any input state ρ, leading to the complete contraction of the Bloch sphere to the single point I/2 at the origin.42
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Supplementary Figure 1. The detailed noisy quantum circuit structure for generating quantum latent code is illustrated as follows: (a) Parame-
terized quantum circuits are composed of interleaved encoding layers and variational layers. AfterL layers, the final quantum state is measured
to obtain classical statistics. (b) The exponential ZZ gate can be decomposed into elementary quantum gates such as the CNOT gate and the
rotational Pauli-Z gate. (c) The noisy depolarization operation follows the two-qubit gates with a depolarization rate p.

To simulate varied quantum noise levels, the depolarization rate can be adjusted. In practical quantum hardware, single-qubit43

gates can be prepared with high fidelity, while two-qubit gate fidelity is nearly 99%. Therefore, choosing p = 0.01 effectively44

simulates real noise. Consequently, the depolarization gate is placed after the two-qubit gate, as illustrated in Supplementary45

Figure 1c. Notably, when the noise rate is 0, the quantum circuit operates perfectly.46

SUPPLEMENTARY NOTE 2: ADDITIONAL RESULTS47

All the numerical results of QDGP and DGP evaluated with ImageNet validation set are presented in Supplementary Table48

I,II,III.49

Supplementary Table I. Colorization performance. Deep generative prior (DGP) and quantum deep generative prior (QDGP) share the same
hyperparameter settings and both use progressive reconstruction method. The mean and standard variance are calculated over independent 20
runs.

DGP QDGP
PSNR [dB]↑ 21.93 (±0.022) 23.52 (±0.025)
SSIM [1e-2]↑ 90.11 (±0.026) 93.08 (±0.031)

Supplementary Table II. Inpainting evaluation. Deep generative prior (DGP) and quantum deep generative prior (QDGP) share the same
hyperparameter settings and both adopt feature and MSE loss. The reported mean and standard variance are obtained over independent runs.

DIP DGP QDGP
PSNR [dB]↑ 14.51 (±0.02) 16.90 (±0.03) 17.35 (±0.04)
SSIM [1e-2]↑ 29.23 (±0.11) 45.76 (±0.12) 47.21 (±0.13)

We evaluate the performance of colorization of QDGP and DGP on the 1k ImageNet validation set. The numerical results can50
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Supplementary Figure 2. The experimental results of QDGP under noisy quantum circuits. (a) The reconstructed image of butterfly with 64∗64
resolution under pretrained generator (QDGP) and random initialized generator (QDGP*). (b) and (c) are the reconstruction metrics of PSNR
and SSIM for ideal and noisy quantum circuits. (d) The reconstruction results of wing with 64 ∗ 64 resolution under the same setting. (e) and
(f) are the reconstruction metrics of PSNR and SSIM under the noisy and ideal quantum circuits for QDGP and QDGP*.
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Supplementary Figure 3. The numerical results of QDGP, DGP and DGI methods on ghost imaging for MNIST dataset. (a) PSNR results; (b)
SSIM results. The error bars are the standard deviation of the repeated runs.

be found in Supplementary Table I. The numerical results on 1k validation set also showcase higher PSNR and SSIM value of51

QDGP over DGP method. In addition, in Supplementary Note 4, we analysis the performance of DGP under different learning52

rate ratios both in inpainting and colorization tasks. The learning rate ratios are measured by the typical learning rate of DGP53

and QDGP. We find that tuning the learning rate including increasing and decreasing does not fill the performance gap between54

the QDGP and DGP. Controlling the latent code to be more or less sensitive is not necessary to obtain the optimal performance.55

However, fine-tuning the learning rate indeed shrinks the gap to some extent. Noteworthy, carefully tuning the learning rate of56

quantum parameters will also lead to better performance.57

We further conduct experiments on the 1k ImageNet validation set to assess the performance of QDGP. The results are presented58

in Supplementary Table III. For the NIQE metric [10], DGP exhibits smaller values than both DIP and QDGP. However, in terms5960

of metrics such as PSNR and RMSE, QDGP outperforms DIP and DGP. NIQE is designed to measure the quality of natural61

images without a reference image. The superior quality metrics of DGP with a Gaussian prior suggest that DGP, equipped with a62

Gaussian laten code, is well-suited for super-resolving natural images. In contrast, QDGP demonstrates larger PSNR and lower63

RMSE values, indicating a stronger fitting ability than DGP when utilizing a quantum latent space code. Both of these metrics64



4

Supplementary Table III. Super-Resolution (×4) performance with different metrics. Deep generative prior (DGP) and quantum deep genera-
tive prior (QDGP) share the same hyperparameter settings and both adopt feature and MSE loss. The reported mean and standard variance are
obtained from independent 20 runs.

DIP DGP QDGP
NIQE↓ 6.10 (±0.01) 4.98 (±0.02) 5.03 (±0.03)
PSNR↑ 22.71 (±0.02) 23.02 (±0.03) 23.40 (±0.03)
RMSE↓ 17.83 (±0.01) 17.58 (±0.01) 17.50 (±0.02)

focus on pixel differences, and PQC can be trained to generate a latent code that aligns with the degradation process. In scenarios65

emphasizing pixel differences, QDGP exhibits a potential advantage over DGP.66

We extend our analysis by randomly sampling 200 images from the MNIST test dataset and performed optical ghost imaging67

experiments to gather the bucket signals along with their corresponding illumination speckles. These MNIST samples consist of68

handwritten digits not present in the ImageNet dataset. We examine the PSNR and SSIM metrics across various measurements69

32, 64, 128, 256 for the DGI, DGP, and QDGP techniques. Each measurement involved running QDGP and DGP with 20 inde-70

pendent iterations, initialized differently, to compute the mean and standard deviation of the metrics. The numerical outcomes71

are detailed in Supplementary Figure 3.72

From the results, both QDGP and DGP shows significant advantage over DGI in terms of imaging reconstruction quality.73

When using pretrained GAN, QDGP performs better than DGP forM = 64, 128, 256 both in terms of PSNR and SSIM metrics.74

ForM = 32, QDGP achieves nearly the same SSIM value with DGP. With randomly initialized GAN, QDGP weights performs75

worse than DGP for M = 32. For M = 64, 128, 256, QDGP shows competitive performance with DGP. Therefore, QDGP76

has no tangible improvement over DGP for different sampling rates when using randomly initialized GANs. The performance77

of recovering images from pretrained BigGAN models demonstrates the potential of PQC-induced distributions to enhance the78

out-of-distribution generalization ability of pretrained models.79
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Supplementary Figure 4. The reconstruction performance of QDGP and DGP with pretrained generator. The reconstructed images are based
on the same number optimization iterations and the same pretrained generator. QDGP and DGP have different latent space.

In this section, we present additional results from a noisy quantum generative model applied to ghost imaging and image80

restoration. The reconstruction results of QDGP with noisy PQCs are illustrated in Figure 2. Specifically, we focus on recon-81

structing samples labeled as ’butterfly’ and ’wing’ to showcase the robustness of QDGP based on noisy PQCs. Consistent with82

the main text notation, QDGP and QDGP* denote algorithms based on pretrained and randomly initialized generators, respec-83

tively. Figures 2a and 2d clearly depict degraded reconstruction performance when quantum circuits are noisy. Noisy quantum84
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circuits can introduce bias and large estimation variance to observables. While expectation bias does not affect algorithm conver-85

gence due to compensatory adjustments in successive classical neural networks, large observable variance hampers optimization86

convergence by yielding different expectations in each iteration. Figures 2b and 2c present numerical metrics (PSNR and SSIM)87

for reconstructed images under various sampling rates. Under noisy PQCs, QDGP with a pretrained generator experiences per-88

formance degradation. However, for randomly initialized QDGP, performance remains unaffected, achieving nearly the same89

results as with ideal PQCs. For unseen images, the generalization ability of the pretrained generator is impacted, despite the90

quantum latent space’s potential to enhance it. Randomly initialized QDGP employs the neural network structure as an induc-91

tive bias to compensate for variance and bias in quantum latent distribution, making it resilient against quantum noise. The92

recommendation is to use a randomly initialized generator when quantum latent space requires extensive iterations for adjusting93

well-initialized parameters, as seen in noisy cases. Notably, for reconstructing the ’wing’ sample, experiments under noisy and94

ideal conditions demonstrate the noise effects for QDGP. As anticipated, quantum noise in PQCs decreases QDGP’s perfor-95

mance, particularly for pretrained QDGP. Surprisingly, randomly initialized QDGP exhibits strong resilience against quantum96

noise, with larger PSNR values and smaller SSIM values in noisy cases compared to ideal ones. The physical forward model’s97

use in QDGP as a loss function, combined with correct bucket signals, mitigates the impact of neural network uncertainties on98

optimization convergence, countering noise effects. Moreover, pretrained QDGP under noisy PQCs demonstrates nearly the99

same PSNR value as the noise-free case, despite a smaller SSIM value. This result is surprising compared to the ’butterfly’100

reconstruction, highlighting the influence of noisy quantum latent space on the generalization of a pretrained generator. Overall,101

the results underscore the robustness of QDGP against quantum noise.102
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Supplementary Figure 5. The image restoration and manipulation results of QDGP under noisy parameterized quantum circuits. Note that the
images are not lies in the ImageNet dataset. (a) The category transfer results of QDGP under noisy quantum circuits. The chosen image is the
class of bird and transfers to other categories. (b) The image super-resolution results under noisy quantum circuits.(c) The image colorization
results of QDGP with noisy quantum circuits. (d) The image inpainting results for both two dogs by using QDGP under noisy circuits.

We present experimental results for various samples at a 1282 resolution using a ghost imaging system. The measurement103

times are configured as 256, 512, 1024, 2048. As illustrated in Supplementary Figure 4, QDGP consistently outperforms DGP104

across different measurement scenarios. In the second row of Supplementary Figure 4, the reconstructed image exhibits a clear105

background corresponding to other categories. Achieving optimal performance requires a larger loss constraint (higher dimen-106

sion). QDGP possesses a latent space that deviates significantly from a Gaussian distribution, unlike the pretrained pattern based107

on a Gaussian distribution. Consequently, leveraging physical forward loss constraints, the PQC-generated latent space aligns108

with the generator pattern to reconstruct high-resolution images. Results in Supplementary Figure 4 further showcase the ability109

of quantum latent space to enhance the out-of-distribution generalization capability of the pretrained generator, as discussed in110

the main text.111
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Supplementary Figure 6. The inpainting reconstruction process of QDGP and DGP for two typical natural images is depicted below. Figures
(a) and (c) show the reconstruction results of DGP with random and known category labels, respectively. On the other hand, figures (b) and
(d) display the reconstruction results of QDGP with random and known category labels, respectively.

We present results for image restoration and manipulation under noisy quantum circuits, focusing on the outcomes of noisy112

QDGP. In Supplementary Figure 5a, it is evident that noisy QDGP successfully reconstructs images from different categories113

with similar postures as the input images. Figure 5b displays the results of super-resolution with noisy quantum latent space,114

showcasing minimal influence on performance, indicated by a recovered image with significantly high Peak Signal-to-Noise115

Ratio (PSNR) and Structural Similarity Index (SSIM). Themain text confirms that the final super-resolution performance remains116

the same as in the ideal case. In Supplementary Figures 5c and 5d, experimental results of noisy PQC-generated latent space for117

colorization and inpainting are presented. Similar outcomes are observed for category transfer and super-resolution across these118

tasks. In all four tasks, we conclude that the presence of quantum noise in PQCs for QDGP has almost no effect on the final119

results compared to QDGP with noise-free PQCs. In essence, QDGP with PQCs enhanced quantum latent space proves to be120

robust to quantum noise, significantly enhancing the feasibility of PQCs in near-term quantum devices.121
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We explore the potential reasons why quantum noise has a limited impact onQDGP. Our speculation revolves around the role of122

the quantum latent space, primarily serving as a source of random sampling and diversity for the GAN generator. Quantum noise,123

to some extent, enhances the randomness and diversity of the latent space. In the early optimization stages, the generated images124

may appear non-natural. However, in the late optimization stage, under the constraints of feature andMSE loss, both quantum and125

classical parameters can be fine-tuned to generate highly natural images. Additionally, the quantum latent space enables the GAN126

generator to represent a complex data distribution in a more compressed and structured form. Despite a potential reduction in127

distribution complexity with noisy PQCs, it remains sufficiently high to recover a single image based on the pretrained generator128

and discriminator.129

It is crucial to emphasize that image restoration and manipulation tasks differ from ghost imaging (GI), particularly concerning130

QDGP for GI. The main disparity lies in the optimization constraints. In GI, the loss constraint involves experimental bucket131

signals and total variation loss, without discrimination loss. GI essentially aims to solve an undersampling inverse problem,132

presenting a more challenging task than image processing. This distinction also highlights the sensitivity of GI to quantum noise,133

given its limited prior information to serve as optimization constraints.134

Finally, we present the inpainting reconstruction process in Supplementary Figure 6. It should be noted that the final inpainting135

results for both QDGP and DGP can be found in the main text. In Supplementary Figures 6a and 6b, it is evident that QDGP136

restores the image with a more natural appearance under the same optimization process, despite the substantial deviation of the137

randomly generated label (embedding) from the true image. This observation suggests that the parameterized quantum latent138

distribution possesses a robust self-healing capability and can generalize well to unseen images. When category labels are known,139

both methods exhibit competitive performance; however, as detailed in the main text, the final reconstructed image of QDGP140

achieves a higher PSNR and SSIM value. Moreover, the recovered region appears more natural compared to DGP, where speckles141

from the dog’s nose area are displaced to the face.142

SUPPLEMENTARY NOTE 3: HYBRID PQCWITH DEEP LAYERS143

We present the outcomes of employing PQCs with deeper layers in a ghost imaging task enhanced by a physical forward144

model. The objective is to illustrate the influence of increasing quantum layers on the reconstruction efficacy. Initially, optical145

experiments were performed to capture the bucket signals, with the sampling rate set at 1024 and the image resolution at 64×64.146

By maintaining consistent sampling rates and resolution, we aim to isolate the impact of quantum layers on reconstruction147

performance. The number of quantum layers was varied between 6, 8, and 10 for PQCs utilizing 20 qubits. Additionally, for148

comparison purposes, MPS-based PQCs with a low bond dimension of 16 were simulated, enabling the emulation of a larger149

number of qubits. Furthermore, numerical experiments were conducted for both pre-trained and randomly initialized models.150

The loss curves of the optimization process were recorded for bothMPS- and state-vector-based PQCs. Figure 7 illustrates that151

increasing the layers of PQCs, whether MPS-based or state-vector-based, has no impact on convergence. When the number of152153

layers reaches 10, both types of PQCs exhibit a more noticeable shift in loss when switching the learning rate during optimization.154

This is anticipated as deeper PQCs involve more quantum parameters, leading to a greater variance in the induced distribution.155

Consequently, adjusting the learning rate prompts a larger variance in the quantum distribution compared to the distribution156

induced by previous parameters. These observations hold true for both MPS and state-vector-based PQCs. Importantly, these157

findings suggest that PQC-based QDGP is not significantly affected by the Barren Plateau problem.158

There are two potential reasons for this outcome. Firstly, the PQC functions to generate the latent code for the subsequent159

BigGAN model rather than serving as the backbone of the machine learning model. Secondly, our proposed algorithm follows160

a hybrid structure, where the quantum latent code generated is subsequently processed by a classical neural network. Evidence161

indicates that the classical neural network can alter the loss landscape of quantum circuits [11, 12]. These two factors may162

elucidate why our hybrid deep quantum model remains unaffected by the Barren Plateau.163

While the loss curves may appear similar, there are differences in the reconstruction performances of MPS- and state-vector-164

based PQC-induced BigGAN models. Figure 8 illustrates the PSNR values of images reconstructed by different methods across165

various quantum layer configurations.166

The PSNR values depicted in Figure 8 reveal that increasing the layers of PQCs in QDGP leads to a slight decrease in the167

PSNR value. Conversely, the PSNR value of QDGP-MPS remains unaffected by additional quantum layers. However, the PSNR168

value of the QDGP-MPS algorithm is marginally lower than that of QDGP. Notably, as the quantum layers reach 10, QDGP-MPS169

surpasses the performance of QDGP. This suggests that while deep quantum layers diminish the performance of QDGP, QDGP-170

MPS exhibits a higher layer threshold before encountering the Barren Plateau phenomenon. Excessive entanglement, which can171

induce the Barren Plateau, is mitigated in QDGP-MPS due to its incapacity to precisely characterize quantum states with high172

quantum entropy, stemming from its low bond dimension. Consequently, the Barren Plateau phenomenon does not manifest in173

the QDGP-MPS algorithm.174

When employing a randomly initialized generator, the PSNR outcomes align with those detailed in the main text. Notably,175

randomly initialized QDGP outperforms pretrained models when reconstructing out-of-distribution samples. In this scenario,176

QDGP also exhibits performance deterioration with increasing quantum layers. In contrast, QDGP-MPS, by constraining the177
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Supplementary Figure 7. The loss curves of the optimization process for both MPS-based and state-vector simulator-based PQCs induced in
the BigGAN model for ghost imaging are depicted. Specifically, Figure (a) shows the loss curve of QDGP with a pretrained generator, while
Figure (b) illustrates the loss curve of QDGP-MPS with a pretrained generator. Figure (c) displays the loss curve of QDGP with a randomly
initialized generator, and Figure (d) presents the loss curve of QDGP-MPS with a randomly initialized generator.

bond dimension and mitigating the entanglement of quantum states, avoids performance degradation with additional quantum178

layers. These findings imply that, in practical applications, programmable quantum circuits with appropriate quantum layers are179

preferable over deep quantum layers, which pose greater training challenges. MPS can facilitate the pretraining of deep quantum180

circuits, subsequently fine-tuned using actual quantum hardware. Moreover, MPS with optimized bond dimensions can emulate181

the characteristics of programmable quantum circuits, bolstering classical machine learning algorithms. Furthermore, MPS can182

serve as an indicator of entanglement. Analyzing performance with MPS at various quantum layers enables the inference of the183

requisite quantum layers for real quantum computers based on the bond dimension.184

SUPPLEMENTARY NOTE 4: LEARNING RATE ANALYSIS185

In this analysis, we examine the performance of QDGP and DGP under varying learning rates. Initially, we determine the186

typical learning rates for both QDGP and DGP in the colorization task. Subsequently, we compute the learning rate ratios187

between these two algorithms. Lastly, we maintain the initial latent code as z0, which remains constant throughout optimization.188

Additionally, we introduce another trainable latent code initialized to zero and denoted as dz . We update the latent code using189

the following equation:190

z = z0 + k × dz, (3)

where k denotes the learning rate ratios. We observed that the rate ratio k can adjust the sensitivity of the latent code by scaling it191

k times, either more or less sensitive compared to the previous latent code. Through numerical experiments in colorization tasks192
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Supplementary Figure 8. The PSNR values of images reconstructed by the QDGP and QDGP-MPS algorithms with both pretrained and
randomly initialized generators are depicted.

involving three images named ”bee,” ”boat,” and ”house,” we analyze the impact of the latent code’s sensitivity on performance.193

Figure 9a showcases the colorized images using DGP under varying learning rate ratios. Figures 9b and 9c display the PSNR and194

SSIM values calculated from the colorized images at different k values. Figures 9d, 9e, and 9f illustrate the norm of the latent195

code for different k values across iterations. The colorized images of these three objects by QDGP are provided in the main text,196

along with their corresponding PSNR and SSIM values: 19.06 and 0.8918 for the bee, 20.51 and 0.8917 for the boat, and 21.13197

and 0.8625 for the house. Comparison of the results in Figures 9b and 9c reveals that adjusting the learning rate does not bridge198

the performance gap between QDGP and DGP. Notably, the colorization performance for the ”boat” appears less sensitive to the199

rescaling factors. Conversely, for the ”house” object, performance deteriorates with increasing learning rate ratios, while for the200

”bee”, it oscillates. Figures 9d, 9e, and 9f indicate the rescaling effect on the norm of the latent code, displaying a consistent201

pattern of initially increasing to a peak value and then stabilizing. Particularly for small ratios (k < 1), the latent code’s norm202

exhibits minimal variation compared to the initial value z0. The yellow curves in Supplementary Figures 9d, 9e, and 9f represent203

the quantum latent code curve, which aligns with the learning rate ratio trend at k = 1. However, unlike the norm of the latent204

code, the norm of the quantum latent code does not decrease after reaching the peak value. From the results in Supplementary205

Figures 9(b-f), we observe that colorization performance does not strictly correlate with the norm of the latent code. Both large206

and small variations in the norm can lead to improved performance, indicating that the pattern of the latent distribution may play207

a crucial role in influencing the QDGP algorithm’s performance. Consequently, while the norm of the latent code reflects the208

distribution’s global property, it may not fully capture its characteristics.209

To analyze the inpainting performance of QDGP and DGP under typical learning ratios. We also conduct numerical experi-210

ments for randomly chosen three images. The results can be shown in Supplementary Figure 10.211212

From the inpainting results of Supplementary Figure 10a, we can see that the inpainted images can have a good visual ap-213

pearance. For ”ostrich” image, the inpainting performance is the best compared to other two images. In fact, painted area of214

the ”ostrich” image has no complex features. Using DGP, the area can be well recovered. From the PSNR and SSIM values in215

Supplementary Figure 10b,c, it also validates our inference from visual appearance. Besides, we can find that when changing216

the learning ratio, these three images has no clear performance increase or drop. Note that it does not conclude that the learning217

rate of latent code is not important. Conversely, when changing the learning rate, we always can find a best one to achieve218

the largest PSNR and SSIM. Compared to the results of colorization, the learning rate ratios have no large impact on the final219

performance. We suspect that the inpainting task is much harder than colorization task. Search an proper latent code for the220
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Supplementary Figure 9. The learning rate analysis hyperparameters for the classical DGP are presented. The learning rate ratio k is computed
between the standard learning rates of QDGP and DGP. A smaller k implies less sensitivity to the latent code, and vice versa. Subsequently,
the following components are illustrated: (a) Colorized images based on DGP with varying learning rate ratios. (b,c) PSNR and SSIM mea-
surements corresponding to the reconstructed images across different learning rate ratios. (d,e,f) Norm measurements of the latent code during
the optimization process, where (d) pertains to the bee, (e) to the boat, and (f) to the house.

optimization is also much harder than colorization. Tuning the learning rate of DGP can influence the inpainting performance221

although the significance is limited. Moreover, from the results of Supplementary Figure 10d,e,f, we also can find that the norm222

of the latent code increases rapidly at the early stage of training for learning rate ratio k ≥ 1. Then, the norm of the latent code223

drops to a stable value. With large learning ratio, the norm has a large increment. We note that the yellow curves denote the224

norm of the quantum latent code in inpainting the respective images. The PSNR and SSIM for cat images are 16.66 and 0.3497,225

for dog are 13.99 and 0.2854 (see the insert figure), for ostrich are 20.95, 0.6522. We note that for comparison with the results226
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Supplementary Figure 10. The numerical inpainting results of DGP under different learning rate ratios. (a) The reconstructed images of DGP
under typical learning rate ratios. (b,c) The calculated PSNR and SSIM from DGP with various learning rate ratios. (d,e,f) The norm of
the latent code varying with the iterations under different k, where (d) is for ”cat” inpainting, (e) is for ”dog” inpainting, (f) is for ”ostrich”
inpainting.
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of random labels, the inpainting results of ostrich image is with random label. The corresponding norm curve is also recorded in227

Supplementary Figure 10f. We can find that for random label, the inpainting performance is consistent with the results reported228

in the main text. QDGP still outperforms DGP. Since inpainting ostrich is relatively a simpler task than inpainting cat and dog,229

the gap of DGP and QDGP are not large which may be filled by tuning the learning rate ratios carefully. Similar to the results230

of colorization, changing the learning rate ratios can influence the algorithm performance but cannot fill the performance gap of231

the DGP and QDGP.232

SUPPLEMENTARY NOTE 5: EXPECTATION VALUE SAMPLING MODEL233

( )
θ
U x

0

0

0

 =   ∼ ∼m Y Xy when xO pp

Supplementary Figure 11. The Expectation Value Sampling Model involves encoding a randomly sampled vector into a quantum state
through a parameterized quantum circuit. Subsequently, the expectation values of fixed observables are computed and returned as another
random vector.

Here, we briefly introduce the expectation value sampling model based on parameterized quantum circuits. Firstly, we present234

the main result of reference [13]. The definition of Generalized Polynomial Chaos Expansion (GPCE) is provided as follows:235

Definition 1. A generalized chaos expansion is characterized by a probability density function pX defined on the support X ⊆236

RM with finite moments (usually chosen as standard distributions, such as Gaussian or uniform). This choice defines an inner237

product for functions in {f : X → R}:238

⟨f |g⟩pX
=

∫
X
f∗(x)g(x)pX(x)dx. (4)

This choice of inner product comes with the choice of an order family of functions, usually polynomials, that are orthonormal239

with respect to the above inner product:240

ΦpX
= {ϕl : X → R, ∀(k, l), |ϕl⟩⟨ϕk| = δk,l}. (5)

A generalized chaos expansion is a representation of a random variable Y with probability density pY as a vector α in this241

Hilbert space, such that:242

Y =

∞∑
t=0

αlϕl(X) ∼ pY , X ∼ pX . (6)

This definition establishes a Hilbert space as a potential structure for studying mappings of random variables. Specifically, one243

of the primary outcomes of polynomial chaos expansion is their status as universal generative models. Utilizing data re-uploading244

quantum circuits with an integer-valued spectrum denoted as Uθ(x), PQCs can also be interpreted as a GPCE. Consequently, we245

have the following theorem:246

Theorem 1. Any expectation value sampling model using a quantum re-uploading model with integer-valued spectrum Uθ(x),247

together with the uniform distribution on [0, 2π)M outputs a random variable Y that has an exact finite polynomial chaos248

expansion for any choice of observables.249

Our proposed PQC also adopts a data re-uploading encoding structure with an integer-valued spectrum, thus it can also be250

viewed as a GPCE, making it a universal generative model. In contrast, the latent space of the DGP comprises 120 independent251
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trainable parameters initialized or sampled from a standard Gaussian distribution. During training, these 120 parameters are252

independently optimized, potentially leading to a mismatch with the pretrained manifold. Therefore, in practice, one may add253

an L2 constraint to regularize the latent code to maintain a specific distribution. However, PQC introduces a novel approach254

to distribution generation or learning. Since PQC is universal for generating multivariate continuous functions, its generated255

latent code naturally adheres to an intrinsic constraint of parametric distribution. Thus, there is no need to add any constraint to256

the latent code. The multivariate distribution can be trained or optimized to match the manifold of the pretrained or randomly257

initialized BigGAN. From this perspective, the PQC-induced distribution can be seen as a generalized distribution compared258

to the distribution induced by 120 independent parameters. Therefore, we can confidently conclude that PQC enhances the259

expressiveness of the latent space model without significantly altering the manifold of BigGAN. Moreover, the feature of PQC260

enables more universal distribution learning or modeling. On one hand, using PQC as the latent code generator may enhance the261

generalization ability of the generative model. On the other hand, a PQC-based sampling model can be combined with classical262

generative models to learn the data distribution.263

Natural image manifold

GAN inversion
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Supplementary Figure 12. Image restoration with priors in the image manifold visualization. We illustrate the image restoration process with
different image priors when reconstructing an image xgt from a degraded image x̂. The gray region belongs to a manifold with zero distance to
x : L(x̂, x) = 0. For natural images, the ground-truth both belongs to the natural image and the zero-distance manifold (xgt in red). Pretrained
QDGP has potential to obtain the competitive or better recovery compared to DGP. For non-natural images (xgt in green), QDGP is likely to
obtain the optimal reconstruction when using quantum latent space. GAN inversion generally cannot reach the zero distance manifold. DIP
and methods without priors cannot reach the natural image manifold. We note that QDGP with random initialization (QDGP*) has potential
to outperform DIP method (DGP with fixed latent space and random initialization).

The illustration of different image priors with classical or quantum latent space is shown in Supplementary Figure 12. QDGP264

can be view as an integration of both internal learning and external learning where internal learning uses the prior structural265

information of GAN generator such as DIP and external learning uses the fixed pretrained GAN inversion to recover images.266

In this work, we study three functions of QDGP shown in origin lines of Supplementary Figure 12. Through the simulation267

results, we find that quantum latent space can extend the boundaries of GAN manifold better than classical Gaussian code. For268

non-natural image restoration, QDGP is able to breakthrough the boundary of natural image manifold using PQC generated latent269

code. The fact can benefit for optimizing non-natural images such as biological samples. PQC enhanced quantum latent space270

can increase the out-of-distribution generalization of pretrained models and the diversity of latent space to prevent mode collapse.271

SUPPLEMENTARY NOTE 6: HYPERPARAMTERS272

The total number of parameters in the BigGAN generator is 82,108,355. For random initialization, we train the generator from273

scratch using the physical forward loss. The prior is inherent in the structure of the generative model, as the generator is naturally274
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aligned with the image manifold. In the case of a pretrained generator, the model parameters encode information from a large275

dataset. Fine-tuning the model weights based on feature loss and MSE loss can be beneficial for specific tasks. Both data prior276

and model prior are utilized.277

In both tasks, when using the pretrained model, fine-tuning of the model weights of the classical generator is necessary. We278

employ BigGAN with a 2562 resolution, where the discriminator consists of 7 blocks. The output features of each block are279

utilized as the discriminator loss (feature loss). Mathematically, the feature loss function is expressed as:280

L(x1, x2) =
∑
i∈I

∥D(x1, i), D(x2, i)∥1 , (7)

where x1, x2 are two images, corresponding to x̂ and Φ(G(M(θ), ξ)) as shown in the main text. D denotes the pretrained281

discriminator coupled with the generator. D(x, i) returns the output feature of x at ith block of D, and I is the index set of282

used blocks. Additionally, we employ the progressive reconstruction technique for image recovery. Traditionally, generator283

parameters are fine-tuned simultaneously during optimization. However, in this work, to mitigate the issue of ”information284

lingering,” we utilize progressive reconstruction. Specifically, we initially fine-tune the shallowest block of the generator and285

gradually proceed with blocks at deeper depths. This approach allows QDGP and DGP to focus first on high-level or global286

features before gradually incorporating low-level details. Reference [14] has demonstrated that progressive reconstruction better287

preserves consistency between missing and existing semantics compared to non-progressive reconstruction.288

For the ghost image task, the hyperparamters are presented in Supplementary Table IV. Notably, we do not utilize the feature289

loss as an optimization constraint; instead, we rely on the physical forward model-induced loss function as the primary constraint.290

Additionally, we incorporate total variation as an extra constraint. The reconstruction process is divided into 5 stages, each with291

different learning rates for the latent code and the generator. In the case of QDGP, the learning rate for the parameterized quantum292

circuit (PQC) differs from that of the learnable Gaussian prior. However, the generator learning rate remains consistent for both293

quantum and classical DGP. It’s worth noting that we opt for a larger learning rate in the early stages of optimization for QDGP294

due to the increased freedom of PQC in generating the latent code. Furthermore, the pretrained generator parameters are tailored295

to Gaussian distributions, and a larger learning rate may expedite the matching process of the quantum latent code with the296

pretrained generator.297

Supplementary Table IV. The hyperparamters setting for ghost imaging. Block number denote the number of generator blocks to be fine tuned.
Iterations denote that the total number of optimization iterations in each stage. G lr and z lr denote the learning rate of the generator and latent
code, respectively. PQC lr denotes the learning rate of PQC generated latent code.

Stage 1 2 3 4 5
Block number 7 7 7 7 7
Iterations 1000 1000 1000 1000 1000

G lr 1.4e-5 1.4e-5 1.4e-5 0.7e-5 0.35e-5
z lr 7e-4 7e-5 7e-5 7e-6 7e-7

PQC lr 7e-3 7e-4 7e-5 7e-6 7e-7298

299

The total number of quantum parameters is determined by the number of layersL, the number of qubitsD and the structure. In300

Supplementary Figure 1, the total number of quantum parameter of the hardware-efficient PQC is 3NL+(N−1)L = 4NL−L.301

For CNOT entangling gate, the total number of parameters is 3NL. Each ResBlock requires one PQC to generate the latent302

code. Therefore, the final number of quantum parameters isO(NLk) with k denoting the number of ResBlock. In fact, we have303

Nk = d, where d is the dimension of latent code. We set L = 4, N = 20, k = 6 to construct the quantum circuits to generate304

the quantum latent code.305

For image restoration and manipulation tasks, the hyperparameters setting is presented in Supplementary Table V. For the four306307

typical tasks, most hyperparameters remain consistent between DGP and QDGP, except for the learning rate. Due to the distinct308

features of the PQC-generated latent space compared to a Gaussian latent code (which has only one trainable parameter for309

variance), the learning rate also needs to vary. Here, the learning rate steps differ from those in Supplementary Table IV, where310

the learning rate pertains to the i-th coefficient of the gradients. lrs denotes the learning rate before multiplying the learning rate311

ratio for each stage lrs represents the learning rate before multiplying the learning rate ratio for each stage. For ith generator312

block, the learning rate is313

lr = lrs× lr_ratio(i)i. (8)

The default warm-up steps are set to 0. For super-resolution, the weights of the MSE loss and feature loss are configured to314

ensure that there is no bias towards either of them. In reality, one can set different weights for MSE and feature loss. For large315

MSE weights, the recovered image has large PSNR metric. Otherwise, the recovered image has NIQE metric.316
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Supplementary Table V. The hyperparamters setting for image restoration and manipulation. D loss weight denotes the weight of the feature
loss. MSE loss weight denotes the weight of the MSE loss. ftr num denotes the number of blocks for calculating feature loss. ft num is the
number of parameter groups in the generator to be fine tuned. lr ratio is the decreasing ratio for learning rate in blocks. G lrs is the learning
rate steps of the generator. z lrs and PQC lrs denote the learning rate steps of the classical and quantum latent code, respectively.

Stage (Inpainting) 1 2 3 4 5
D loss weight 1 1 1 1 0.5

MSE loss weight 1 1 1 1 10
ftr num 8 8 8 8 8
ft num 7 7 7 7 7

Iterations 200 200 200 200 200
lr ratio 1.0 1.0 1.0 1.0 1.0
G lrs 5e-5 5e-5 2e-5 2e-5 1e-5
z lrs 2e-3 1e-3 2e-5 2e-5 1e-5

PQC lrs 5e-2 5e-3 1e-3 5e-4 1e-4
Stage (Colorization) 1 2 3 4 5

D loss weight 1 1 1 1 1
MSE loss weight 0 0 0 0 0

ftr num 7 7 7 7 7
ft num 2 3 4 5 6

Iterations 200 200 300 400 300
lr ratio 0.7 0.7 0.8 0.9 1.0
G lrs 5e-5 5e-5 5e-5 5e-5 2e-5
z lrs 2e-3 1e-3 5e-4 5e-5 2e-5

PQC lrs 2e-2 1e-2 5e-3 1e-3 1e-4
Stage (Super-resolution) 1 2 3 4 5

D loss weight 1 1 1 1 0.5
MSE loss weight 1 1 1 1 10

ftr num 8 8 8 8 8
ft num 7 7 7 7 7

Iterations 200 200 200 200 200
lr ratio 1.0 1.0 1.0 1.0 1.0
G lrs 5e-5 5e-5 2e-5 2e-5 1e-5
z lrs 2e-3 1e-3 2e-5 2e-5 1e-5

PQC lrs 1e-2 1e-3 2e-5 2e-4 1e-4
Stage (Category transfer) 1 2 3 / /

D loss weight 1 1 1 / /
MSE loss weight 0 0 0 / /

ftr num 8 8 8 / /
ft num 7 7 7 / /

Iterations 125 125 100 / /
lr ratio 1 1 1 / /
G lrs 2e-7 2e-5 2e-6 / /
z lrs 1e-1 1e-2 2e-4 / /

PQC lrs 1e-1 1e-1 2e-2 / /

SUPPLEMENTARY NOTE 7: GHOST IMAGING EXPERIMENTAL SETUP317

We employ a conventional single-beam computational ghost imaging setup to acquire data, illustrated in Supplementary Figure318

13. The procedure commences with a pulsed laser beam (SC-OEM, YSL) passing through a fiber and a filter (AOTF, YSL),319

which narrows the wavelength to λ = 680 nm. The monochromatic light, expanded by a collimator, illuminates the Digital320

Micromirror Device (DMD) (DLC9500P24, 1080×1920) with a sequence of M patterns. The reflected light from the DMD321

undergoes spatial modulation and travels to the object through a 4f system (L1 and L2) and a diaphragm.322

Following interaction with the object, the light is gathered by lens L3, detected by a Single Photon Avalanche Diode (SPAD),323

and directed to the photon counter (HydraHarp 400) to generate bucket signals. The focal lengths of lenses L1, L2, and L3 are all324

configured to 100 mm. Post data acquisition, the bucket signals, comprisingM measurements, together with the corresponding325
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Supplementary Figure 13. The experimental setup of the optical ghost imaging system. The light from the laser is modulated by the DMD and
then the modulated light interacts with the object and finally detected by a single pixel camera. The computer controls the pattern of the DMD
and analysis the results of the detection signals.

illumination patterns, are utilized for image reconstruction.326
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