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Abstract

Image super-resolution is a fundamentally ill-posed prob-
lem because multiple valid high-resolution images exist for
one low-resolution image. Super-resolution methods based
on diffusion probabilistic models can deal with the ill-posed
nature by learning the distribution of high-resolution images
conditioned on low-resolution images, avoiding the problem
of blurry images in PSNR-oriented methods. However, exist-
ing diffusion-based super-resolution methods have high time
consumption with the use of iterative sampling, while the
quality and consistency of generated images are less than
ideal due to problems like color shifting. In this paper, we
propose Efficient Conditional Diffusion Model with Prob-
ability Flow Sampling (ECDP) for image super-resolution.
To reduce the time consumption, we design a continuous-
time conditional diffusion model for image super-resolution,
which enables the use of probability flow sampling for ef-
ficient generation. Additionally, to improve the consistency
of generated images, we propose a hybrid parametriza-
tion for the denoiser network, which interpolates between
the data-predicting parametrization and the noise-predicting
parametrization for different noise scales. Moreover, we de-
sign an image quality loss as a complement to the score
matching loss of diffusion models, further improving the con-
sistency and quality of super-resolution. Extensive experi-
ments on DIV2K, ImageNet, and CelebA demonstrate that
our method achieves higher super-resolution quality than ex-
isting diffusion-based image super-resolution methods while
having lower time consumption. Our code is available at
https://github.com/Yuan-Yutao/ECDP.

Introduction
Image super-resolution, the task of recovering high-
resolution (HR) images from low-resolution (LR) images,
is fundamentally an ill-posed problem. Given an LR im-
age, there are more than one HR images consistent with
the input. Existing PSNR-oriented super-resolution meth-
ods (Dong et al. 2014; Lim et al. 2017; Zhang et al. 2018b)
that learn deterministic mappings from LR images to HR
images using pixel losses are effectively predicting the mean
of all plausible HR images, and tend to generate blurry HR
images with unsatisfactory visual quality. Super-resolution
methods based on generative models deal with the ill-posed
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nature by learning the distribution of HR images conditioned
on LR images, allowing for the generation of multiple di-
verse results from a single input image and avoiding the
problem of blurry images.

Recently, the use of diffusion probabilistic models (Ho,
Jain, and Abbeel 2020; Song et al. 2021), a trending
class of generative models, have grown popular in image
super-resolution. SR3 (Saharia et al. 2021) and SRDiff (Li
et al. 2021) adapts Diffusion Denoising Probabilistic Mod-
els (DDPMs) (Ho, Jain, and Abbeel 2020) for image super-
resolution. They define a Markovian forward process that
gradually adds Gaussian noise into image data, and use de-
noiser neural networks conditioned on LR images to learn its
reverse process and generate new images from noise. They
are able to generate diverse and realistic HR images with
fine details.

However, there are still challenging aspects that remain
to be improved for diffusion-based super-resolution. Diffu-
sion models typically generate new images iteratively using
a Markov chain, which necessitates many neural network
evaluations and makes the super-resolution process time-
consuming. Additionally, they are prone to problems like
color shifting, making the quality and consistency of gen-
erated images less than ideal and reducing their performance
on super-resolution.

To tackle the challenges, we propose Efficient Conditional
Diffusion Model with Probability Flow Sampling (ECDP)
for image super-resolution. It gradually corrupts HR images
using stochastic differential equations (SDEs), and learns to
restore the original images with a denoiser network con-
ditioned on LR images. We generate super-resolution im-
ages using probability flow sampling, which can be per-
formed with low time consumption using ordinary differ-
ential equation (ODE) solvers. Additionally, to improve the
consistency of generated images with LR input, we use a hy-
brid parametrization in the denoiser network. It uses the x0-
parametrization that predicts the clean data directly in addi-
tion to the commonly used ϵ-parametrization, and smoothly
interpolates between them for different noise scales. More-
over, we introduce an image quality loss as a complement to
the score matching loss of diffusion models. It measures the
feature-space distance of generated HR images and ground-
truth images in the dataset, further improving the consis-
tency and quality of super-resolution. Extensive experiments
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on multiple datasets encompassing face super-resolution and
general super-resolution demonstrate the effectiveness of
our approach.

Our main contributions are summarized as follows:

• We propose Efficient Conditional Diffusion Model with
Probability Flow Sampling (ECDP) for image super-
resolution, which generates realistic super-resolution im-
ages with low time costs.

• With a continuous-time conditional diffusion model
based on SDEs designed for super-resolution, we can
generate super-resolution images using probability flow
sampling, which reduces the time consumption of super-
resolution.

• We propose score matching with hybrid-parametrization
and design an image quality loss for diffusion-based
image super-resolution, improving the consistency and
quality of generated images.

• Extensive experiments on DIV2K, ImageNet, and
CelebA demonstrate that our method achieves higher
super-resolution quality than existing diffusion-based
image super-resolution methods while having lower time
consumption.

Related Work
Diffusion probabilistic models Diffusion probabilistic
models are a family of deep generative models with great
success in image generation. DDPM (Ho, Jain, and Abbeel
2020) defines a Markovian diffusion process on image data,
gradually adding noise into the image, and learns to repro-
duce the original image with a sequence of denoisers. It
achieves impressive high-quality image generation results.
Various improvements to the model have been proposed, in-
cluding improved architectures (Dhariwal and Nichol 2021)
loss reweighting (Nichol and Dhariwal 2021), and fast sam-
pling (Song, Meng, and Ermon 2021). DDPMs are shown
to be equivalent to denoising score matching over multiple
noise levels (Song and Ermon 2019), which are unified and
generalized to the continuous case with SDEs (Song et al.
2021). We build our super-resolution method on top of the
SDE formulation by extending it and conditioning on LR
images.

Besides image generation, diffusion models have been ap-
plied to a large range of tasks in computer vision. A popular
strategy among them is to formulate the task as a conditional
generation problem, using diffusion models to predict the
distribution of outputs conditioned on the inputs. This strat-
egy has achieved success in text-to-image generation (Sa-
haria et al. 2022b), image super-resolution (Saharia et al.
2021; Li et al. 2021), image inpainting (Saharia et al. 2022a),
and image colorization (Saharia et al. 2022a), among oth-
ers. A different line of research focuses on using existing
diffusion models in a zero-shot manner. By taking an un-
conditional diffusion model and enforcing consistency with
reference images during sampling, it is possible to perform
image editing (Meng et al. 2022; Choi et al. 2021) and image
inpainting (Lugmayr et al. 2022) without task-specific train-
ing. More recently, this approach has been generalized for

a family of linear and non-linear inverse problems (Kawar
et al. 2022; Wang, Yu, and Zhang 2023; Chung et al. 2023).

Image super-resolution A lot of super-resolution meth-
ods based on deep learning have been proposed in recent
years. Most of the early work takes a regression-based ap-
proach (Dong et al. 2014; Lim et al. 2017; Zhang et al.
2018b), learning a deterministic one-to-one mapping from
LR images to HR images with L2 or L1 losses. Since
the posterior distribution of HR images is highly multi-
modal, these methods tend to generate blurry images, ef-
fectively predicting the mean of the distribution. To im-
prove the visual quality of generated images, GAN-based
approaches (Ledig et al. 2017; Wang et al. 2018) are pro-
posed for super-resolution. They are able to generate HR
images with high quality, but tend to suffer from mode col-
lapse, difficult optimization and low consistency with LR
images. Normalizing flows have also been used for image
super-resolution (Lugmayr et al. 2020; Liang et al. 2021).
They are able to estimate the distribution of HR images con-
ditioned on LR images, allowing for diverse and realistic
image super-resolution. However, normalizing flows require
invertible architectures, limiting the expressiveness of the
models.

Recently, several super-resolution methods using diffu-
sion models have been proposed. SR3 (Saharia et al. 2021)
and SRDiff (Li et al. 2021) adapts DDPM (Ho, Jain, and
Abbeel 2020) for super-resolution, making the model condi-
tional on LR images. They are able to generate realistic, high
quality HR images. SR3 concatenates upscaled LR images
to noisy HR images as the input to the denoiser network,
making the model conditional on LR images. SRDiff uses
an LR encoder to extract features from LR input, and further
uses residual prediction to improve the convergence speed
and performance of the model. Some methods (Chung, Sim,
and Ye 2022; Chung et al. 2023; Fei et al. 2023; Zhu
et al. 2023) use a different zero-shot approach as opposed
to aforementioned supervised methods, taking an uncondi-
tional diffusion model trained on image generation and mod-
ifying its sampling process with guidance. However, their
performance is often less than ideal compared to supervised
methods due to lack of dedicated training.

Preliminaries
Given a dataset X = {xi} that follows an unknown dis-
tribution p(x), continuous-time diffusion probabilistic mod-
els define a forward process that gradually injects noise into
data x. This process can be described as the solution to a
SDE running from t = 0 to t = T , starting with i.i.d. sam-
ples x(0) from the dataset (Song et al. 2021):

dx = f(x, t)dt+ g(t)dw (1)

where f(x, t) and g(t) are predefined functions, and w is
Brownian motion. Denote by x(t) the solution at time t and
pt(x) its probability distribution. The parameters of the for-
ward process are chosen so pT ends up as a prior distribution
with tractable sampling.

It has be shown (Song et al. 2021) that the data distribu-
tion p0 can be recovered from pT using another reverse SDE,
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Figure 1: Overview of ECDP. Top left: Continuous-time conditional diffusion uses a forward SDE to transform images into
noise, and generate new images from noise using probability flow. Bottom: The conditional score in the probability flow is
approximated with a hybrid-parametrization score predictor sθ, which is trained using score matching. Top right: An additional
image quality loss that compares the generated HR images with the ground truth is computed using probability flow sampling,
improving the quality of super-resolution results.

running backwards from t = T to t = 0:

dx =
[
f(x, t)− g(t)2∇x log pt(x)

]
dt+ g(t)dw (2)

The term ∇x log pt(x) is the score of the distribution
pt(x), which is intractable because the data distribution is
unknown. Diffusion models learn the data distribution by ap-
proximating ∇x log pt(x) with a score prediction network
sθ(x, t). Due to the intractability of the marginal distribu-
tion pt(x), score matching techniques are deployed in train-
ing, giving rise to the score matching loss:

L = Ex,tEx(t)

[∥∥sθ(x(t), t)−∇x(t) log p0t(x(t) | x)
∥∥2
2

]
(3)

where p0t is the transition probability of the forward process
and can often be computed analytically. In practice the loss
is often reweighted, where terms associated with different t
are assigned different weights, to ensure better convergence
in training.

Besides the reverse SDE, it is also possible to sample from
the learned distribution using probability flow, which takes
the form of an ODE:

dx =

[
f(x, t)− 1

2
g(t)2∇x log pt(x)

]
dt (4)

It can be solved using off-the-shelf ODE solvers, allowing

efficient sampling using much less time than the reverse
SDE.

Proposed Method
In this section, we present Efficient Conditional Diffusion
Model with Probability Flow Sampling (ECDP) for image
super-resolution. From a dataset of paired HR and LR im-
ages D = {(xi,yi)}, our model learns the conditional dis-
tribution p(x | y). Given LR images, super-resolution im-
ages are generated by sampling from this conditional distri-
bution. Our method is illustrated in Figure 1.

Continuous-Time Conditional Diffusion for Image
Super-Resolution
In our method, we design a conditional diffusion model for
image super-resolution with a forward SDE that transforms
HR images x into noise while conditioned on LR images y:

dx = −1

2
β(t)(x− µ(y))dt+

√
β(t)σ2(y)dw (5)

where µ(y) and σ2(y) are the per-pixel mean and variance
of p(x | y) respectively, and β(t) is a hyperparameter that
controls how fast noise is injected into data.

Since it is impossible to compute µ(y) and σ2(y) with-
out direct access to the true data distribution, we approxi-
mate µ(y) by upscaling y using bicubic interpolation, and
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set σ2(y) to a predefined constant determined using the em-
pirical variance of x − µ(y) over the training dataset. It is
worth noting that the use of µ(y) in the forward process
is similar to residual prediction (Li et al. 2021), which sub-
tracts upscaled LR images from HR images before diffusion.
We differ from residual prediction in that we integrate the
LR images to the forward process of diffusion directly, and
we additionally considers the variance of HR images.

With the use of µ(y) and σ2(y), the forward process has
the mean-preserving and variance-preserving properties, as
formalized below:
Proposition 1. The forward process given by (5) keeps the
mean and variance of x(t) conditioned on y unchanged dur-
ing the transform from t = 0 to t = T . More specifically:

E[x(t) | y] = µ(y) (6)

Var[x(t) | y] = σ2(y) (7)

By maintaining the mean and variance of data during the
forward process, the amount of change in the data distribu-
tion is minimized, making model training easier and image
generation faster.

To enable conditional generation of HR images, we learn
to approximate the conditional score ∇x log pt(x | y) with a
conditional score prediction network sθ(x,y, t). The score
prediction network is trained with denoising score match-
ing (Vincent 2011) using the following loss:

Lscore = E(x,y)∼DEtEϵ∼N (0,I)∥∥∥∥∥sθ (µ̂(x,y, t) +√
σ̂2(y, t)ϵ,y, t

)
+

ϵ√
σ̂2(y, t)

∥∥∥∥∥
2

2


(8)

where

µ̂(x,y, t) =
√
α(t)(x− µ(y)) + µ(y) (9)

σ̂2(y, t) = (1− α(t))σ2(y) (10)

α(t) = exp

(
−
∫ t

0

β(s)ds

)
(11)

For efficient generation of super-resolution images, we
sample HR images with probability flow, which can be much
faster than SDE-based sampling due to its deterministic na-
ture. Given an LR image y, new HR images can be sam-
pled from the learned conditional distribution by solving the
following ODE from t = T to t = 0, starting with x(T )
sampled from the limit distribution of the forward SDE:

x(T ) ∼ N (µ(y), σ2(y)I) (12)

dx =

[
−1

2
β(t)(x− µ(y))− 1

2
β(t)σ2(y)sθ(x,y, t)

]
dt

(13)

Hybrid-Parametrization Score Matching
Existing diffusion probabilistic models (Ho, Jain, and
Abbeel 2020; Song et al. 2021) typically parametrize the
denoiser network in such a way that its output is matched

(a) ϵ-param (b) x0-param (c) hybrid-param

Figure 2: The denoised images produced by the ϵ-
parametrization, the x0-parametrization and the hybrid-
parametrization.

against the normalized noise component ϵ in noisy data x(t)
during training, so the network output has identical vari-
ance across different t. We denote it the ϵ-parametrization.
ϵ-parametrization has been proved effective in image gen-
eration (Ho, Jain, and Abbeel 2020), improving the quality
of denoising predictions when the amount of noise is low.
However, ϵ-parametrization alone does not work well for
image super-resolution. In image super-resolution, the space
of plausible HR images x is strongly constrained by the con-
sistency with paired LR images y and concentrated around
a single point. ϵ-parametrization has difficulty learning this
consistency constraint, because it can only recover the clean
HR images indirectly by subtracting the predicted noise
from noisy images, requiring wildly varying prediction val-
ues for different noisy data. It tends to produce very incon-
sistent denoising results when the amount of noise is large.
This effect can be seen in Figure 2a, where ϵ-parametrization
does not produce satisfactory denoising predictions, leaving
artifacts in the denoised image. As a result, super-resolution
methods using the ϵ-parametrization tends to produce HR
images inconsistent with LR input.

A natural alternative to ϵ-parametrization is to predict
the clean data component in noisy data as opposed to the
noise component. We denote it the x0-parametrization. x0-
parametrization has been investigated in the context of un-
conditional image generation (Benny and Wolf 2022; Sali-
mans and Ho 2022), where it was found to have better per-
formance than ϵ-parametrization in certain cases. In image
super-resolution, x0-parametrization produces clean images
with no artifacts even when the amount of noise is large, be-
cause the denoiser network can use the LR inputs to recover
a good estimate of clean HR images directly.

For the conditional image diffusion in our method, ϵ-
parametrization and x0-parametrization are defined by ex-
pressing the score prediction values in terms of neural net-
works ϵθ and x0θ respectively:

sθ,ϵ(x,y, t) = − 1√
σ̂2(y, t)

ϵθ(x,y, t) (14)

sθ,x0
(x,y, t) = − 1

σ̂2(y)
(x− µ̂(x0θ(x,y, t),y, t)) (15)

where ϵθ and x0θ are trained using the following reweighted
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version of the score matching loss (8):

Lscore = E(x,y)∼DEtEϵ∼N (0,I)[
∥ϵθ(xt,y, t)− ϵ∥22 + ∥x0θ(xt,y, t)− x∥22

]
(16)

where
xt = µ̂(x,y, t) +

√
σ̂2(y, t)ϵ (17)

As the ϵ-parametrization has low estimation errors in the
low-noise region, while x0-parametrization has low estima-
tion errors in the high-noise region, to take advantage of both
parametrizations, we use a hybrid approach to smoothly in-
terpolate between these two parametrizations:

sθ(x,y, t) = λ(t)sθ,ϵ(x,y, t) + (1− λ(t))sθ,x0
(x,y, t)

(18)
where λ(t) is the interpolation coefficient. In our method,
we choose λ(t) = α(t)c, where c is a constant in the range
[0.5, 1.5], selected for each dataset individually to mini-
mize the prediction error for the hybrid parametrization. The
hybrid-parametrization is able to achieve low estimation er-
rors in all noise scales.

Image Quality Loss with Probability Flow
Sampling
Diffusion probabilistic models do not directly optimize for
the quality of generated images during training. Instead,
the quality is only optimized indirectly in the learning of
data distribution with score matching loss. In image super-
resolution, each LR image has only one paired HR image
in the dataset, and it is difficult for diffusion models to esti-
mate the conditional distribution of HR images accurately
from this single data point. It is therefore important for
diffusion-based super-resolution methods to add additional
image quality losses into training.

In CNN-based super-resolution methods, losses like the
pixel loss and the perceptual loss directly measure the dis-
tance between super-resolution images and the ground truth.
However, these losses have not received usage in diffusion-
based super-resolution methods, as they require generating
new HR images during training, which is computationally
expensive for diffusion models using stochastic sampling.

With the use of probability flow sampling in our method
for efficient super-resolution, it becomes possible to intro-
duce such losses into the training of the diffusion model.
Therefore, we propose an image quality loss for diffusion-
based image super-resolution, defined as the feature-space
distance between generated HR images and the ground truth:

Lquality = E(x,y)∼D [∥F(SRθ(y))−F(x)∥] (19)

where SRθ(y) is an HR image sample generated using the
probability flow. F is chosen as the feature maps of a VGG
network pretrained on image classification, making Lquality
equivalent to the perceptual loss in CNN-based methods, but
in principle it can be any function that converts images to
feature vectors.

To compute gradients of the image quality loss with re-
gards to the network parameters, it is necessary to back-
propagate through SRθ(y), the solution of the probability

(a) no Lquality (b) with Lquality

Figure 3: Visualization of images generated by our method
trained without and with Lquality. The image generated by
the model with Lquality has more visible structure (the lines
on the pillar) and less background noise.

flow ODE. This can be achieved efficiently using the adjoint
method (Chen et al. 2018), which expresses the gradient of
ODE solutions with regards to model parameters in terms
of another augmented ODE, making it possible to compute
gradients without depending on the intermediate values of
the original ODE. Compared with direct backpropagation
through the ODE solver, the memory consumption of com-
puting the image quality loss is reduced from O(s) to O(1),
where s is the number of sampling steps.

As seen in Figure 3, the image quality loss can signif-
icantly improve the quality of super-resolution images for
diffusion-based methods. The model trained with Lquality is
able to generate cleaner images with more visible structure
and less background noise compared to the model trained
without Lquality.

Experiments
In this section, we conduct experiments on multiple datasets
encompassing both face images and general images to
demonstrate the performance of our method.

Experimental Setup
Model architecture and hyperparameters In our exper-
iments, we set β(t) in our forward process (5) to a lin-
ear function increasing from β(0) = 0.1 and β(T ) = 20,
matching the settings in VP-SDE (Song et al. 2021). Score
prediction from ϵ-parametrization and x0-parametrization
are produced using a single network with two output heads,
using an U-Net architecture with BigGAN (Brock, Donahue,
and Simonyan 2019) residual blocks. To make the model
conditional on LR images, we use an LR feature extractor
with the RRDB (Wang et al. 2018) architecture and add the
features to each layer of the score prediction network. To
improve the training efficiency, we use only the standard
score matching loss in early stages of training, and then add
our image quality loss later on. To generate HR images, we
perform probability flow sampling using a standard Runge-
Kutta ODE solver with absolute and relative error tolerance
of 10−4.
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Datasets For general image super-resolution (4×), we
evaluate the performance of various methods on two
datasets, DIV2K (Agustsson and Timofte 2017) and Ima-
geNet (Russakovsky et al. 2015). For DIV2K, models are
trained using random HR image crops of size 160 × 160
and evaluated with full-size images. The training dataset is
augmented with images from Flickr2K following the prac-
tice in earlier methods (Lugmayr et al. 2020; Li et al. 2021).
For ImageNet, images are center cropped and resized to
256 × 256 for HR following SR3 (Saharia et al. 2021), and
further downsampled to 64 × 64 with bicubic interpolation
for LR.

For face image super-resolution (8×), we train and evalu-
ate on CelebA. Images are cropped and resized to 160×160
following the procedures in (Lugmayr et al. 2020), and then
downsampled as LR using bicubic interpolation.

Baselines We compare our image super-resolution method
with the following baselines: PSNR-oriented method
RRDB (Wang et al. 2018), GAN-based method ESR-
GAN (Wang et al. 2018), normalizing flow-based methods
SRFlow (Lugmayr et al. 2020) and HCFlow (Liang et al.
2021), as well as several diffusion-based methods, SR3 (Sa-
haria et al. 2021), SRDiff (Li et al. 2021), IR-SDE (Luo
et al. 2023), GDP (Fei et al. 2023), and DiffPIR (Zhu et al.
2023). Among diffusion-based methods, GDP and DiffPIR
uses pretrained unconditional diffusion models, while other
methods including ours train conditional models for super-
resolution. We use official results for baselines where avail-
able, and train the models from scratch otherwise.

Evaluation metrics In addition to PSNR and SSIM,
two standard metrics for image super-resolution, we use
LPIPS (Zhang et al. 2018a) to measure the visual quality
of super-resolution results. It is a perceptual metric that is
known to correlate better with human perception than tradi-
tional metrics like PSNR and SSIM, and is therefore consid-
ered the main metric in our experiments.

Results of Image Super-Resolution
General image super-resolution The quantitative results
on DIV2K and ImageNet are shown in Table 1 and 2 respec-
tively, and the visual results are shown in Figure 4. On both
datasets, our method outperforms all baseline methods in
LPIPS and achieves the best overall super-resolution quality.
RRDB generates blurry images and has high LPIPS distance
despite achieving high PSNR and SSIM scores, further con-
firming that PSNR and SSIM does not correlate well with
perceptual quality. SR3 has good PSNR and SSIM metrics
on ImageNet, but its performance is poor in the main metric
LPIPS. GDP and DiffPIR, the two diffusion-based methods
that use pretrained unconditional models as opposed to train-
ing dedicated conditional models, have inferior performance
in the three metrics compared to other diffusion-based meth-
ods, demonstrating the importance of designing diffusion
models specifically for image super-resolution.

In addition, the sampling speed of diffusion-based super-
resolution methods in our experiments is listed in Table 3.
Our method is able to perform super-resolution with the least

Method LPIPS↓ PSNR↑ SSIM↑ #Params

RRDB 0.253 29.44 0.84 16.7M
ESRGAN 0.124 26.22 0.75 16.7M
SRFlow 0.120 27.09 0.76 39.5M
HCFlow 0.110 26.61 0.74 23.2M

SR3 0.175 25.90 0.75 97.8M
SRDiff 0.136 27.41 0.79 37.6M
IR-SDE 0.231 25.90 0.66 137.1M

Ours 0.108 28.03 0.79 42.6M

Table 1: Results of 4× image super-resolution on DIV2K.
Diffusion-based methods and non-diffusion-based meth-
ods are grouped together respectively. Best results among
diffusion-based methods are highlighted in bold.

Method LPIPS↓ PSNR↑ SSIM↑ #Params

RRDB 0.245 27.23 0.78 16.7M
ESRGAN 0.123 24.18 0.67 16.7M
SRFlow 0.142 24.09 0.67 39.5M
HCFlow 0.129 25.07 0.70 23.2M

SR3 0.191 26.40 0.76 625M
SRDiff 0.154 24.04 0.59 37.6M
GDP 0.240 24.42 0.68 —

DiffPIR 0.219 25.19 0.70 —
Ours 0.110 25.81 0.74 37.6M

Table 2: Results of 64 × 64 → 256 × 256 image super-
resolution on ImageNet. Best results among diffusion-based
methods are highlighted in bold. #Params for GDP and Diff-
PIR are omitted because they use pretrained unconditional
diffusion models and do not train new models on their own.

Method SR3 SRDiff IR-SDE
Inference Time 83.1s 2.4s 6.2s

Method GDP DiffPIR Ours
Inference Time 94.6s 13.0s 2.0s

Table 3: Time required to generate a single 256 × 256 HR
image for diffusion-based methods.

Method LPIPS↓ PSNR↑ SSIM↑ #Params

RRDB 0.230 26.59 0.77 16.7M
ESRGAN 0.120 22.88 0.63 16.7M
SRFlow 0.110 25.24 0.71 40.0M
HCFlow 0.090 24.83 0.69 27.0M

SR3 0.109 24.26 0.68 97.8M
SRDiff 0.106 25.38 0.74 12.0M
Ours 0.097 25.48 0.73 40.0M

Table 4: Results of face image super-resolution on CelebA.
Best results among diffusion-based methods are highlighted
in bold.
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LR Ground Truth RRDB ESRGAN SRFlow

HCFlow SR3 SRDiff IR-SDE Ours
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SR3 SRDiff GDP DiffPIR Ours

Figure 4: Visual results of general image super-resolution. The first two rows are results on DIV2K validation set. The last two
rows are results on ImageNet dev set.

Parametrization Lquality LPIPS↓ PSNR↑ SSIM↑

hybrid, c = 1.0 ✓ 0.108 28.03 0.79

hybrid, c = 0.5 ✓ 0.109 28.07 0.79
hybrid, c = 1.5 ✓ 0.107 28.01 0.79
ϵ-parametrization ✓ 0.128 28.02 0.79
x0-parametrization ✓ 0.112 27.72 0.77

hybrid, c = 1.0 × 0.120 27.26 0.76

Table 5: Results of the ablation study. All results are mea-
sured on the DIV2K 4× task.

amount of time among all diffusion-based methods, con-
firming the efficiency of probability flow sampling.

Face image super-resolution The results on CelebA are
shown in Table 4. Similar to the general image super-
resolution case, our method reaches state-of-the-art perfor-
mance and has the best LPIPS score among diffusion-based
methods. Our method is able to produce faces with realistic
details without generating unnecessary noise and distorting
the images.

Ablation Study
To study the influence of difference choices of parametriza-
tions in the denoiser network as well as the use of im-

age quality loss, we conduct ablation studies as illustrated
in Table 5. Our hybrid-parametrization achieves the best
super-resolution results in all metrics among three choices
of parametrizations since it has the advantages of both ϵ
and x0-parametrization. ϵ-parametrization has the lowest
LR-PSNR score among all, confirming our analysis that it
generates images with low consistency. The performance of
hybrid-parametrization is mostly insensitive to the choice of
c. For the image quality loss, it can be seen that the model
trained with Lquality achieves significantly better metrics than
the model without Lquality, confirming its importance for
diffusion-based super-resolution.

Conclusion

In this paper, we proposed ECDP, an image super-resolution
framework with a continuous-time conditional diffusion
model. It deploys a hybrid-parametrization denoiser network
to learn the conditional score function, and generates super-
resolution images efficiently using probability flow sam-
pling. An additional image quality loss for diffusion-based
super-resolution is introduced, which is computed efficiently
and improves the quality of super-resolution results. Exper-
iments demonstrate that our method achieves higher super-
resolution quality than existing diffusion-based image super-
resolution methods while having lower time consumption.
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