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Abstract

Image rescaling aims to learn the optimal low-resolution
(LR) image that can be accurately reconstructed to its orig-
inal high-resolution (HR) counterpart, providing an effi-
cient image processing and storage method for ultra-high
definition media. However, extreme downscaling factors
pose significant challenges to the upscaling process due to
its highly ill-posed nature, causing existing image rescal-
ing methods to struggle in generating semantically correct
structures and perceptual friendly textures. In this work,
we propose a novel framework called Timestep-Aware Dif-
fusion Model (TADM) for extreme image rescaling, which
performs rescaling operations in the latent space of a pre-
trained autoencoder and effectively leverages powerful nat-
ural image priors learned by a pre-trained text-to-image
diffusion model. Specifically, TADM adopts a pseudo-
invertible module to establish the bidirectional mapping be-
tween the latent features of the HR image and the target-
sized LR image. Then, the rescaled latent features are en-
hanced by a pre-trained diffusion model to generate more
faithful details. Considering the spatially non-uniform
degradation caused by the rescaling operation, we pro-
pose a novel time-step alignment strategy, which can adap-
tively allocate the generative capacity of the diffusion model
based on the quality of the reconstructed latent features. Ex-
tensive experiments demonstrate the superiority of TADM
over previous methods in both quantitative and qualita-
tive evaluations. The code will be available at: https:
//github.com/wwangcece/TADM .

1. Introduction

With the explosive growth of ultra high-resolution (HR)
images, image rescaling has become essential for enhanc-
ing data storage and transmission efficiency [39], optimiz-
ing resource usage in real-time applications [22], and en-
suring proper display on devices with varying resolutions
[21]. During image rescaling, HR images are downscaled
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to low-resolution (LR) images for storage, transmission, or
display. When HR images are needed, an upscaling process
is employed to restore the downscaled images to their orig-
inal resolution. Unlike image super-resolution (SR), image
rescaling allows for joint optimization of both downscal-
ing and upscaling processes, preserving detailed informa-
tion crucial for effective upscaling.

Recently proposed image rescaling methods can be clas-
sified into two main categories: encoder-decoder architec-
ture [12, 25] and invertible neural networks [17, 37]. The
encoder-decoder architecture employs two neural networks
to perform downscaling and upscaling. While, invertible
neural networks view image rescaling as a reversible pro-
cess, using the forward and backward passes of an invert-
ible neural network to simulate the downscaling and upscal-
ing. Despite the significant improvements in reconstruction
quality achieved by these methods, they are limited to small
rescaling factors, such as 2× or 4×.

However, with the advancement of ultra HR imaging de-
vices, there is an increasing need for extreme rescaling fac-
tors (e.g., 16× or 32×) to achieve more efficient storage and
transmission of ultra HR data [7, 47]. Existing image rescal-
ing methods often struggle to generate sufficient detail un-
der extreme rescaling factors. Therefore, some approaches
propose using pre-trained GANs as priors to constrain the
solution space of the reconstructed results. GRAIN [47]
and BDFlow [14] use pre-trained StyleGAN [9, 10] to gen-
erate high-quality upscaled face images. VQIR [34] lever-
ages the high-quality visual embeddings encapsulated in
pre-trained VQGAN [3] to achieve extreme rescaling on
natural images. Although these methods have made sig-
nificant progress in perceptual metrics, their reconstruction
results still suffer from incorrect semantics and structure.

To address the aforementioned issues, we propose a
novel framework named Timestep-Aware Diffusion Model
(TADM) for extreme image rescaling, which performs im-
age rescaling in the latent space of a pre-trained autoencoder
and leverages the natural image priors stored in large text-
to-image diffusion models to restore HR images. Specifi-
cally, first, the HR images are encoded by the via the VAE
encoder to obtain the latent features. Then, we use an au-
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toencoder to rescale the latent code of the HR image to the
target size, and employ a set of invertible neural networks
(INN) to perform the mapping from the feature space to
the pixel space to obtain the LR image. Next, the rescaled
features are fed into a pre-trained diffusion model to per-
form a single denoising step, thereby enhancing their per-
ceptual quality. Finally, the enhanced features are decoded
via the VAE decoder to obtain the rescaled image. Ad-
ditionally, we find that the rescaled latent features exhibit
non-uniform degradation, which can be interpreted as the
addition of noise at varying levels. As a result, different
images require different time-steps to perform the denois-
ing process. Previous studies have shown that the time-step
in diffusion models directly controls the generative capac-
ity of the model [29]. Therefore, we propose a time-step
alignment mechanism that predicts the appropriate time-
step based on the reconstruction quality of the rescaled la-
tent features, thereby adaptively tuning the generative ca-
pacity of the diffusion model.

Our contributions can be summarized as follows:
• We propose a Timestep-Aware Diffusion Model that per-

forms well in global semantic and structural reconstruc-
tion for the extreme image rescaling task.

• We propose a novel decoupled strategy for feature rescal-
ing. It decouples the generation of LR images from the
rescaling operation, thereby improving the reconstruction
accuracy of the rescaling process.

• We design a time-step alignment strategy to address
the spatially non-uniform reconstruction quality of the
rescaled latent features, allowing for more effective uti-
lization of the prior information from the text-to-image
diffusion model.

2. Related Work

2.1. Image Rescaling

Image rescaling aims to downscale HR images to visually
coherent LR images and then plausibly reconstruct the orig-
inal HR images. Unlike image SR, image rescaling in-
volves joint modeling of both downscaling and upscaling
processes, leading to higher reconstruction accuracy. Ear-
lier researches [12, 16] utilize CNNs to build an encoder-
decoder framework, treating image rescaling as a unified
task by jointly training the downscaling and upscaling pro-
cesses. Instead of directly generating LR images, CAR
[25] proposes generating content-adaptive resampling ker-
nels based on HR images to perform the downsampling op-
eration, avoiding pixel-level constraints on the downscaled
images. To fully leverage the inherent reversibility of image
rescaling, there has been a surge in the use of INNs for this
task [15, 38, 45, 48]. IRN [37] is the first invertible frame-
work that models image rescaling as a bijective transforma-
tion, embedding residual high-frequency (HF) components

into a case-agnostic latent distribution for efficient recon-
struction. HCFlow [17] assumes that the HF information
depends on the LR image, thereby achieving better perfor-
mance by incorporating LR conditions in HF information
estimation. In extreme image rescaling, generative priors
are usually employed to constrain the outcomes. GRAIN
[47] and VQIR [34] leverage pre-trained StyleGAN [9, 10]
and VQGAN [3], respectively, to achieve notable enhance-
ments in perceptual quality. Nonetheless, these approaches
are often limited in image contents, either confined to han-
dling images from specific domains or encountering diffi-
culties when reconstructing faces and textual elements.

2.2. Diffusion Model for Image SR
Here, we briefly introduce the application of diffusion mod-
els in a related task, i.e., image SR. Diffusion models pro-
mote the development of natural image SR in two main
ways: training diffusion models from scratch [4, 13, 41]
and leveraging pre-trained SD model [19, 36, 40]. The for-
mer is represented by SR3 [24], which achieves perceptual
quality comparable to GANs. The latter is represented by
StableSR [28], which aims to build a model capable of han-
dling image restoration under any complex degradation in
real-world scenarios.

However, the above methods typically require dozens or
even hundreds of iterations during inference, which signifi-
cantly increases computational costs. Researchers have be-
gun exploring how to achieve image SR using one-step dif-
fusion models. SinSR [31], based on ResShift [41], derives
a deterministic one-step sampling process and employs a
consistency preserving loss to distill the prior knowledge
from a multi-step teacher network into a one-step student
network. A representative work, OSEDiff [35], directly
feeds the LQ image into the SD model and employs varia-
tional score distillation for regularization. S3Diff [43] pro-
poses a degradation-aware LoRA and utilizes a pre-trained
DINO [44] model as a discriminator for adversarial train-
ing. InvSR [42] designs a partial noise prediction strategy
to provide a dynamic starting sampling point and supports
inference with an arbitrary number of sampling steps rang-
ing from one to five.

3. Methodology

3.1. Overview of TADM
As illustrated in Fig. 1, TADM consists of four parts: La-
tent Encoding, Feature Rescaling in the Latent Space,
Denoising Guided Perception Enhancement and Latent
Decoding. First, the input HR images x are mapped to the
latent features z via the pre-trained VAE encoder E . Subse-
quently, the proposed Decoupled Feature Rescaling Module
(DFRM) rescales z to the target size, outputting LR images
y and the rescaled latent features ẑ. Our aim is to make ẑ
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Figure 1. Overview of the proposed Timestep-Aware Diffusion Model (TADM). First, the HR images x are encoded to obtain the latent
features z. The latent features are then rescaled to the target size using the decoupled feature rescaling module (DFRM), producing the LR
images y and outputting the rescaled latent features ẑ. Next, the rescaled latent features ẑ are passed into a pre-trained diffusion model
to perform a single denoising step for perceptual enhancement to obtain ẑ0. In this process, a time prediction module (TPM) is used to
estimate the time step t based on ẑ and the predicted t is then fed into both the U-Net and the time scheduler. Finally, the perceptually
enhanced latent features ẑ0 are decoded to obtain the rescaled image x̂.

as close as possible to z so that the rescaled results align
with the latent space of the pre-trained VAE, while ensuring
that y and the original HR images x share the same con-
tent. Then, the rescaled features ẑ are fed into a denois-
ing U-Net network to perform a single denoising step to get
the perceptually enhanced latent features ẑ0. Finally, ẑ0 is
decoded via the pre-trained VAE decoder D to obtain the
rescaled image x̂. Overall, the latent rescaling process can
be regarded as a noise-adding process, while the latent en-
hancement process can be viewed as a denoising process.
To dynamically estimate the ‘noise’ density introduced by
latent rescaling, we design a time alignment strategy, which
consists of a time-step prediction module (TPM) and a time
scheduler module. It can better address the non-uniform
degradation caused by rescaling, thereby enabling the dy-
namic allocation of generative capabilities of pre-trained
SD.

3.2. Feature Rescaling in the Latent Space

3.2.1. Network Architecture.

In this part, we perform rescaling of the HR latent fea-
tures z, obtaining LR images y and rescaled features ẑ. A
straightforward idea is to construct a transformation chain
as y = Ge (z), ẑ = Gd (y). Here, Ge is the encoder used

to downscale the input features to the target sized LR im-
ages, while Gd represents the decoder used to reconstruct
the original HR features. Guidance loss Lgui. and recon-
struction loss Lrec. are applied to y and ẑ respectively, to
force y to have the same content as x, and ẑ to be as similar
as possible to z:

Lgui. =∥ y − Bicubic(x) ∥1 (1)
Lrec. =∥ ẑ − z ∥1 (2)

However, these two losses are contradictory to each other.
When the guidance loss approaches zero, the rescaling
problem degenerates into a classical SR problem [33], em-
bedding little information about the downscaling process
into the LR image. In contrast, when the reconstruction loss
reaches its global optimum, the rescaling problem degener-
ates into an image compression problem [20], causing the
LR image to lack meaningful visual content. Therefore, di-
rectly applying the guidance loss Lgui. on y could adversely
impact subsequent upscaling.

Considering the above issues, we devise the DFRM as
shown in Fig. 2, which divides the rescaling operation
into two sub-tasks: feature rescaling and LR image gen-
eration. Inspired by FGRN [15], we use a set of CNNs to
perform downscaling and upscaling, and a separate INN to
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Figure 2. Detailed architecture of Decoupled Feature Rescaling
Module (DFRM).

perform the bidirectional mapping between the feature do-
main and the pixel domain. To achieve a balance between
feature rescaling accuracy and visual quality of LR images,
we introduce another pixel guidance module in the encoder
to incorporate pixel-level information, which can improve
the quality of the LR image. Specifically, DFRM perform
feature rescaling through two independent transformation
chains ((x, z) → zlr → ẑ); (zlr ↔ y) as follows:

zlr = Ge (x, z) (3)

zlr ≈ F−1 (F (zlr)) = F−1 (y) (4)
ẑ = Gd (zlr) (5)

Here, F and F−1 represent the forward and backward pro-
cesses of the INN, respectively. Given the latent variable
z ∈ RH

8 ×W
8 ×4 of the pre-trained SD VAE as input, the en-

coder Ge first transforms it into a compact representation
zlr ∈ RH

N ×W
N ×3, whose size is the same as that of the target

LR image and N represents the target downscaling factor.
Subsequently, a set of INNs perform the forward process to
transform zlr from the feature domain to the pixel domain
and obtain the LR image y ∈ RH

N ×W
N ×3 by quantization.

In the upscaling process, the inverse of the INN is used to
process the LR image y and reconstruct zlr. Finally, the de-
coder Gd is utilized to obtain the rescaled feature ẑ.

3.2.2. Loss Function.
Training of this part involves two losses: reconstruction
loss and guidance loss. Considering the information lost in
quantization operations, the bidirectional mapping between
zlr and y is not exactly reversible. To ensure the robustness
of the network to quantization operations, we consider two
types of transformation chains in designing the reconstruc-
tion loss: (x, z) → zlr → ẑ and (x, z) → zlr → y → ẑlr →
ẑ, which can be expressed as the following formula:

Lrec. = ∥ Gd (Ge (x, z))− z ∥1 +

∥ Gd

(
F−1 (F (Ge (x, z)))

)
− z ∥1

(6)

This combination can facilitate the network to reconstruct
ẑ with high fidelity in both the existence and absence of
quantization operations. Additionally, the guidance loss is
designed as follows:

Lgui. =∥ F (Ge (x, z))− Bicubic(x) ∥1 (7)

Finally, the loss function of this part is a combination of
these two losses:

Lres. = λrec.Lrec. + λgui.Lgui. (8)

3.3. Denoising Guided Perception Enhancement
The latent variable ẑ obtained in Sec. 3.2 retains sufficient
semantic information about the HR image, but lacks ade-
quate texture. Therefore, we propose to leverage the strong
priors stored in the pre-trained SD model to enhance the
perceptual quality of the rescaling results in this part. Orig-
inal diffusion model requires a multi-step sampling algo-
rithm, significantly increases inference time and makes it
difficult to scale to practical applications. Inspired by re-
cent work on accelerating diffusion models [8], we adopt
an one-step inference strategy. Specifically, we can directly
feed the rescaled latent variable ẑ into the denoising U-Net
ϵ = ϵθ (ẑ, t) and perform a single denoising step as follows:

ẑ0 =
ẑ −

√
1− ᾱtϵ√
ᾱt

(9)

where ẑ0 represents the perceptually enhanced latent fea-
tures, ᾱt is the noise scheduler of the forward diffusion pro-
cess of the SD model, and t represents the time-step associ-
ated with the noise intensity. Finally, ẑ0 can be transformed
to the pixel domain through the pre-trained VAE decoder D
to obtain the upscaled image x̂ = D (ẑ0). Then, we can
adopt the loss function between x̂ and x to optimize the U-
Net using LoRA layers.

However, the key problem of the aforementioned ap-
proaches lies in the selection of time-step t. We can re-
gard the rescaling process as the noise-adding process of
diffusion model, while Eq. (9) represents the denoising pro-
cess. For different rescaling factors and different images,
the ‘noise’ introduced by the rescaling operation varies in
intensity. In Fig. 3, we present the global rescaling error
of an image under different rescaling factors, as well as the
local rescaling error of different patches within the image.
Additionally, we plot the error curve of the forward noise-
adding process of the SD model. It can be observed that
as the rescaling factor and image content change, rescaling
MSE also varies and corresponds to the diffusion MSE at
different time-steps. Thus, we propose to dynamically pre-
dict the time-step t based on the quality of the rescaled la-
tent features ẑ. A simple yet effective network named time-
step prediction module (TPM), whose structure is presented
in Fig. 1, is used to predict t based on the rescaled latent fea-
tures: t = TPM(ẑ). During the training phase, we com-
pute a single time-step for each input image patch. In the
inference phase, we adopt a tiled inference approach (which
will be elaborated in detail in the supplementary materials),
allowing for predicting different time-steps for various re-
gions of a high-resolution input image.
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Figure 3. We compare the MSE introduced by the rescaling opera-
tion with that caused by the forward diffusion process. The rescal-
ing degradation severity is correlated with both the image content
and the rescaling scale. Therefore, the model requires adaptive
time-step to align the rescaling MSE with the diffusion MSE.

Figure 4. The structure of the time scheduler module. It combines
both the fixed scheduler and learnable scheduler to perform the
denoising process. The two schedulers are connected by a zero-
convolution layer to stabilize the training.

Subsequently, the predicted time-step t is used to per-
form a single denoising step. However, the vanilla SD time
scheduler as shown in Eq. (9) is not differentiable with
respect to t, which prevents gradients from being back-
propagated to the TPM. Considering that given ẑ, ϵ and t,
Eq. (9) essentially represents a linear transformation, which
can be learned by a neural network. Therefore, we propose
a hybrid time scheduler module consisting of a fixed sched-
uler and a learnable scheduler, whose structure is presented
in Fig. 4. The former uses Eq. (9) to perform the denoising
step, while the latter employs a neural network to simulate
the denoising scheduler. To ensure training stability, the fi-
nal layer of the learnable scheduler is a zero-initialized con-
volution, allowing it to gradually correct the results of the
fixed scheduler as training progresses. This process can be
described as follows:

ẑ0 = Sfixed (ẑ, ϵ, t0) + Slearned (ẑ, ϵ, t) (10)

where t0 is the fixed pre-set time-step and Sfixed denotes the
vanilla SD time scheduler as shown in Eq. (9).

Finally, we fine-tune the denoising U-Net network and

the VAE decoder using LoRA, while also jointly training
the TPM and time scheduler module. To achieve a balance
between fidelity and realism, we supervise the reconstruc-
tion results x̂ using pixel loss and perceptual loss as follows:

Lenh. = ∥x̂− x∥1 +
λpec. (Llpips (x̂, x) + Ldists (x̂, x))

(11)

4. Experiments
4.1. Experimental Setup
4.1.1. Datasets and Evaluation Metrics.
We train the proposed TADM using the DF2K dataset
[1, 18]. Considering that traditional benchmarks such as
Set5, Set14, and BSD100 often have lower quality and
resolution [5], they are not suitable for evaluating ex-
treme rescaling methods. Therefore, we utilize four high-
resolution datasets: DIV2K, CLIC2020 [26], Urban100 [6],
and DIV8K [5] to evaluate models been compared (results
on the latter two datasets are presented in the supplementary
materials). We adopt PSNR and SSIM [32] for quantitative
evaluation. For perceptual quality evaluation, reference-
based metrics LPIPS [46] and DISTS [2] are used. For
non-reference image quality assessment, we use metrics in-
cluding MUSIQ [11] and CLIPIQA [27].

4.1.2. Training Details
TADM is built based on the SD 2.1-base model, and the
training is divided into three stages. First, we train the
DFRM using Eq. (8). Then we adopt Eq. (11) to jointly
train the LoRA layers, the TPM and the time scheduler
module. Finally, we use a smaller learning rate to jointly
fine-tune DFRM, LoRA layers, TPM and scheduler mod-
ule using a combination of Eq. (8) and (11). More training
details are provided in the supplementary material.

4.2. Results and Comparison with SOTA
We compare the proposed TADM with three kinds of meth-
ods: (1) bicubic downscaling and SR, i.e., ESRGAN [30],
StableSR [28] (based on multi-step diffusion) and S3Diff
(based on single-step diffusion)[43]; (2) flow-based rescal-
ing models, i.e., IRN [37] and HCFlow [17]; (3) prior-based
extreme rescaling method VQIR [34]. Some of them are
proposed for 4× rescaling factors and we extended them to
16× or 32×. To ensure a fair comparison, all methods are
trained until convergence on the DF2K dataset following
their original configurations.

4.2.1. Quantitative Results
Table 1 presents the 16× and 32× quantitative image rescal-
ing results on four datasets. The performance of SR meth-
ods are generally poor. Both gan-based (ESRGAN) and
diffusion-based (StableSR and S3Diff) methods can only
achieve relative good performance on no-reference metrics.
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Table 1. Quantitative comparisons with different methods at 16× and 32× (results on Urban100 and DIV8K are presented in the supple-
mentary materials). The symbols ↑ and ↓ respectively represent that higher or lower values indicate better performance. Bold represents
the best and underline represents the second best.

Dataset Method
PSNR ↑ SSIM ↑ LPIPS ↓ DISTS ↓ MUSIQ ↑ CLIPIQA ↑

16× 32× 16× 32× 16× 32× 16× 32× 16× 32× 16× 32×

DIV2K

ESRGAN 23.15 19.94 0.5946 0.5689 0.4478 0.5892 0.2378 0.4230 59.80 43.35 0.6161 0.3734
StableSR 22.02 19.92 0.5983 0.5588 0.4980 0.5736 0.2078 0.2603 51.28 48.94 0.3780 0.3203

S3Diff 20.22 17.81 0.5491 0.4601 0.4033 0.4895 0.1309 0.1810 64.37 67.92 0.6228 0.6991
IRN 26.04 22.84 0.7020 0.6212 0.5153 0.6095 0.3041 0.4036 43.72 28.70 0.2799 0.2336

HCFlow 26.66 23.89 0.7176 0.6467 0.4885 0.5816 0.2866 0.3852 46.43 37.25 0.2735 0.2792
VQIR 23.91 22.02 0.6498 0.5823 0.3174 0.4568 0.1024 0.2663 64.04 58.21 0.6350 0.6293
Ours 23.98 22.18 0.6736 0.5869 0.2979 0.4221 0.0886 0.1684 66.56 69.12 0.7189 0.7204

CLIC2020

ESRGAN 25.43 22.47 0.7018 0.6804 0.4213 0.5429 0.2209 0.4011 57.80 41.28 0.6107 0.3558
StableSR 24.11 22.24 0.7052 0.6726 0.4625 0.5288 0.1860 0.2282 52.69 49.80 0.3779 0.3325

S3Diff 22.04 19.87 0.6615 0.5711 0.3968 0.4829 0.1336 0.1812 63.07 66.40 0.6001 0.6838
IRN 28.55 24.93 0.7907 0.7228 0.4676 0.5528 0.2746 0.3776 47.66 27.81 0.2950 0.2495

HCFlow 28.82 26.21 0.7949 0.7451 0.4542 0.5325 0.2635 0.3611 47.72 37.15 0.2733 0.2884
VQIR 25.69 24.12 0.7363 0.6942 0.2854 0.4191 0.0901 0.2445 64.36 54.83 0.6105 0.6068
Ours 26.04 24.26 0.7542 0.6903 0.2724 0.3911 0.0792 0.1513 65.35 69.10 0.6815 0.7271

This is because they rely solely on the LR image to re-
construct the original image and cannot jointly optimize
the downscaling and upscaling processes. While meth-
ods based on INNs (HCFlow and IRN) achieve the high-
est PSNR and SSIM due to its consideration of the correla-
tion between downscaling and upscaling. In all generative
methods, VQIR achieves relatively good perceptual met-
rics by leveraging the priors of the pre-trained VQGAN. In
contrast, our method achieves optimal performance across
all perceptual metrics on all datasets. For instance, in the
32× rescaling on the DIV2K validation set, our method
improves the DISTS metric by 36.76% compared to the
second-best VQIR. Importantly, our approach is designed
for applications like social media delivery, where semantic
fidelity and perceptual realism are more critical. In such
cases, metrics like LPIPS and DISTS better reflect image
quality [23].

4.2.2. Qualitative Results

In Fig. 5, we present visual comparisons at 16× and 32×
rescaling factors. Due to the ill-posed nature of extreme
rescaling, pixel-oriented optimization methods such as IRN,
and HCFlow produce overly-smoothed results. Although
ESRGAN incorporates perceptual optimization it still can-
not generate adequate details. VQIR leverages the pre-
trained VQGAN as a prior, allowing it to generate rich
details and sharp edges. However, it struggles with faces
and more complex structures. Although S3Diff can gen-
erate sharp edges and rich details, its reconstructed results
have low fidelity and exhibit significant artifacts and color
distortions. Thanks to the powerful prior provided by the
pre-trained SD and the carefully designed architecture,, our
method effectively addresses these issues. It not only gener-

ates sufficiently rich textures but also reconstructs accuracy
semantics and regular structures, such as text, faces, vehi-
cles, and leaves.

4.3. Ablation Study
We conduct ablation experiments to validate the effective-
ness of each component. All ablations are trained on the
DF2K dataset and tested on the validation set of the DIV2K
for 16× rescaling task.

4.3.1. Effectiveness of Feature Rescaling
To verify the effectiveness of the feature rescaling opera-
tion, we move the rescaling operation from the latent space
to the pixel space. Specifically, we use HCFlow [17], the
comparative method with the best PSNR performance, to
perform the rescaling operation in the pixel domain, fol-
lowed by perceptual enhancement using the same approach
described in Sec. 3.3. As shown the 1st row in Table 2, the
rescaling operation in the latent space can improve recon-
struction performance, as evidenced by much lower LPIPS
and DISTS. Additional details and results are presented in
the supplementary materials.

Table 2. Ablation study of rescaling space and SD prior.

Latent space Pixel space SD prior LPIPS ↓ DISTS ↓
× ✓ ✓ 0.3630 0.1154
✓ × × 0.4675 0.3109
✓ × ✓ 0.2979 0.0886

4.3.2. Necessity of SD Prior
To validate that SD model provides rich priors about real-
world HR images, we directly omit the perceptual enhance-
ment part. As shown in Table 2 (2nd row), the introduction
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Figure 5. Qualitative comparisons of 16× (the 1st and 2nd rows) and 32× (the 3rd and 4th rows) rescaling results. Our method achieves
higher semantic accuracy, such as more clearer text, more recognizable faces, and more realistic structures.

Figure 6. The validation loss curves when removing a specific
component from the DFRM.

of the SD priors can significantly improve performance of
LPIPS and DISTS and greatly enhance the perceptual qual-
ity of the reconstruction results.

4.3.3. Effectiveness of DFRM Design

Our DFRM includes two specific designs: the domain con-
verter module and the pixel guidance module. To analyze
their impact, we remove each component individually and
plot the validation loss curves, as shown in Fig. 6. It can be
observed that the introduction of the INN can reduce recon-
struction error. Although the pixel guidance module does
not improve reconstruction performance, our experiments
show that it can enhance the fidelity and visual quality of
the LR images, as demonstrated by the lower guidance loss
in Fig. 6. Therefore, the design of our DFRM strikes a good
balance between feature reconstruction and LR image qual-
ity. More experiments and the visual quality comparisons
of LR images are presented in the supplementary materials.

Figure 7. Ablation study about time alignment.

4.3.4. Effectiveness of Time Alignment

To validate the effectiveness of our proposed time-step
alignment strategy, we retrain our model using fixed time-
steps. This involves removing the TPM and time scheduler
modules and employing a manually selected time-step to
perform a single denoising step based on Eq. (9). Following
the setting of previous work [35], we select fixed time-steps
1 and 999 for comparison. As shown in Fig. 7, when the
time-step is set to a smaller value, the model achieves higher
fidelity but lower perceptual quality, and the situation is re-
versed when a larger time-step is chosen. In contrast, our
time-step alignment mechanism can dynamically determine
the level of generative capability based on the image con-
tent, thereby achieving optimal performance in both fidelity
and perceptual quality.

In Fig. 8, we present a schematic illustration of the tiled
inference process along with the predicted time-step map.
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Figure 8. Illustration of the tiled inference process and the pre-
dicted time-step map.

It can be observed that the time alignment mechanism ef-
fectively captures more complex regions in high-resolution
images and assigns larger time steps to these areas. Details
regarding the selection of patch size and stride length are
provided in the supplementary materials.

4.4. Discussions
4.4.1. Application to Image Compression
Our model can be combined with existing lossless image
compression methods to achieve extreme compression ra-
tios. To validate this, we use PNG to compress LR images
and compare it with JPEG at various bit-rates. As shown
in Fig. 9, at the same bits per pixel (bpp), the image recon-
struction quality of our model significantly surpasses that of
the JPEG compression. These comparisons demonstrate the
potential of our model for image compression.

Figure 9. R-D curves of JPEG compression and our proposed
model on the DIV2K validation set.

4.4.2. Inference Efficiency Comparison
In Table 3, we provide comparisons of inference time and
memory consumption for representative methods. All tests
are performed on an RTX 3090 using images with a reso-
lution of 1024 × 1024. It can be observed that flow-based
models (IRN and HCFlow) require less GPU memory con-
sumption and enable fast inference. In contrast, StableSR,
which is based on multi-step diffusion models, demands

significantly more inference time and larger GPU mem-
ory consumption. Although VQIR requires less memory,
the nearest neighbor search process in VQGAN results in
longer inference time. For one-step diffusion-based method
S3Diff, due to its degradation-guided LoRA which needs
to dynamically predict LoRA parameters during inference,
it requires longer ingerence time and higher memory con-
sumption. In contrast, our proposed TADM demonstrates
moderate efficiency and scalability compared to other meth-
ods. In the future, we can utilize distillation techniques to
further reduce the model size.

Table 3. Comparison of inference time and memory consumption.

IRN HCFlow VQIR StableSR S3Diff Ours
Inference Time (s) 0.359 0.363 0.897 135.2 2.186 0.711

Memory Consumption (G) 0.498 0.098 0.344 6.380 5.025 2.598

4.4.3. Upper Bound of TADM

Since our method performs the rescaling operation in the
latent space of a pre-trained VAE, its performance upper
boud is inherently constrained by the VAE. In Table 4, we
present a performance comparison between VAE and two
4× rescaling models. For VAEs, we directly feed the high-
resolution images to the encoder and decoder without per-
forming any rescaling operations. This performance repre-
sents the upper bound of our method’s performance across
all rescaling factors. It can be observed that VAE signifi-
cantly lags behind the latter. In the future, we could explore
integrating stronger VAEs, such as those from SDXL, SD3,
thereby enabling the TADM to be more applicable to small-
scale rescaling tasks.

Table 4. Comparison of VAE and 4× rescaling methods.

IRN HCFlow VAE
PSNR 35.07 35.23 29.01
SSIM 0.9318 0.9346 0.8046

5. Conclusion

We propose a novel framework called TADM to address
issues such as insufficient texture and semantic inaccura-
cies in extreme image rescaling. Specifically, we design a
DFRM to achieve bidirectional mapping between HR fea-
tures and LR images. Then, we utilize a pre-trained SD
model to perform a single denoising step on the rescaled
features, enhancing its perceptual quality. Considering the
non-uniform quality of the rescaled latent features, we pro-
pose a novel time-step alignment strategy to achieve a bal-
ance between fidelity and perceptual quality. Both qualita-
tive and quantitative experiments demonstrate the superior-
ity of our approach.
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