Time-Aware One Step Diffusion Network for Real-World Image
Super-Resolution

Supplementary Material

In this supplementary material, we provide the following
content:

* Detailed derivation about the Variational Score Distilla-
tion loss in Section 7

* Visual comparisons and quantitative metrics of TADSR
across different timesteps in Section 8.1

* Ablation study on the blurred MSE loss in Section 8.2

» Ablation study on the hyperparameters of TAVSD loss in
Section 8.3

« Efficiency comparison between TADSR and other
diffusion-based Real-ISR methods in Section 9

* Comparisons with GAN-based Real-ISR methods in Sec-
tion 10

* Extended visual comparisons with SD-based Real-ISR
approaches in Section 11

7. Detailed Derivation

According to the original diffusion process in SD [21], at
step t, the current state z; satisfies:

Zt:OétZ0+ﬂt€,t:1,2,...,T, (11)

where a; and (3, are the scale parameters in diffusion, € ~
N (0, I?%) and zg is HR latent in Real-ISR task. Therefore,
we can express 2q in terms of z; and € as zg = zi—Bre

e,
Then, we can rewrite Eq. (2) in the main paper as follows:
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where ¢, is the pre-trained diffusion model (teacher model),
€4 represents its replica with trainable LoRA [13] (LoRA
model), 2y, and Z4 represent the latent images predicted by
the teacher model and the LoRA model respectively, c is a
text embedding of a caption describing the input image, and
wy is a time-varying weighting function. Therefore, we can
represent the VSD [30] loss using the residual between the
latent images predicted by the teacher model and the LoRA
model, which is then decoded into pixel space to analyze
the timestep-dependent guidance.

Table 3. Quantitative comparison of ablation study on blurred
MSE loss, evaluated on DrealSR [31] dataset.

Methods | PSNR 1 [ SSIM | | MUSIQ 1 | TOPIQ 1 | QALIGN 1
. =100 29576 | 0.8021 | 64.022 | 0.6201 | 3.4666
ts =200 | 29.610 | 0.8059 | 63.735 | 0.6108 | 3.4750
. =300 29.167 | 0.7935 | 65367 | 0.6463 | 3.6069
ts =400 29.245 | 0.7992 | 64.681 | 0.6149 | 3.5635
ts =500 | 28.387 | 0.7758 | 67.016 | 0.6758 | 3.7491
ts =600 | 28.473 | 0.7834 | 66.620 | 0.6597 | 3.7372

Table 4. Quantitative comparison of ablation study on blurred
MSE loss, evaluated on DrealSR [31] dataset.

Methods PSNR 1 [ SSIM 1 | MUSIQ 1 | QALIGN +
w/o blurred MSE | 29.074 | 0.7841 | 64732 | 3.5299
TADSR (t; = 300) | 29.167 | 0.794 | 65.367 | 3.6069
TADSR 28.387 | 0.7758 | 67.016 | 3.7491
8. More Ablation Study

8.1. Different Timesteps

Figure 8 presents TADSR’s results at different timesteps
ts, demonstrating a gradual transition from fidelity to re-
alism reconstruction as the ¢, increases. Specifically: (1) In
the first row, TADSR progressively generates richer eyelash
textures and sharper contours; (2) The second row shows
how patterned shadows gradually transform into stain-like
artifacts; (3) For the third row, TADSR reconstructs plau-
sible architectural stripes not present in the low-quality
input; and (4) The fourth row reveals emerging yellow
pistils in flower centers. These progressive changes ev-
idence TADSR’s enhanced utilization of the pre-trained
generative priors in SD at larger ¢, effectively balanc-
ing the fidelity-realism trade-off condition on ¢s. In ad-
dition, we also present the performance of our method
at different timesteps. As shown in Table 3, with in-
creasing timesteps, reference metrics (PSNR, SSIM [28])
tend to decrease while no-reference metrics (MUSIQ [14],
TOPIQ [5], QALIGN [32]) tend to increase. This is con-
sistent with the visual comparison results in Figure 8,
demonstrating that our method can achieve one-step real-
ism—fidelity controllable generation simply by adjusting the
timestep.

8.2. Blurred MSE Loss

To avoid gradient inconsistency arising from the ill-posed
problem of the Real-ISR task while fully leveraging genera-
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Figure 8. Vision comparisons of TADSR at different timesteps ¢s. Zoom in for a better view.

tive prior of SD, we introduce a blurred MSE loss to replace
the original MSE loss. Specifically, we first apply a Gaus-
sian blur to both the reconstructed image G () and the
HQ image z z; before computing the MSE loss. The blurred
MSE loss can be formed as:

LYt = Lause (Go(wr) * Grom x Gy,) . (13)
Where * denotes the convolution operation, GG, is the Gaus-

sian convolution kernel whose size is determined by . Let
k¢, as the kernel size of G, it satisfies:

ke,

200 (14)
To validate the effectiveness of the proposed blurred MSE
loss, we performed an ablation study by removing it.
As shown in Tab. 4, when the blurred MSE loss is re-
moved, the no-reference metrics degrade (MUSIQ [14],
QALIGN [32]) significantly while the reference metrics
(PSNR, SSIM [28]) improve, demonstrating a trade-off ef-
fect where fidelity is enhanced at the expense of realism.
To better align with the reference metrics, we selected

Table 5. Quantitative comparison of ablation study on the hyper-
parameters of TAVSD loss, evaluated on RealSR [2] dataset.

N/[\eth":s PSNR 1 | SSIM 1 | MUSIQ 1 | MANIQA 1
025] 0 | 25.757 | 0.7218 | 69.408 | 0.6541
0.50| 0 | 25.166 | 07150 | 71.182 | 0.6715
075| 0 | 24398 | 07038 | 71.484 | 0.6774
0.50| 50 | 25.090 | 0.7159 | 70742 | 0.6702
050 [ 100 | 24.809 | 0.7115 | 70918 | 0.6727

TADSR’s output at t, = 300. With the blurred MSE loss in-
corporated, TADSR achieves improvements across all met-
rics, indicating that this loss function enables a more opti-
mal balance between fidelity and realism.

8.3. Hyperparameters in TAVSD

To verify the sensitivity of our method to the hyperparam-
eters in TAVSD, we conducted ablation studies by varying
their values. We set the timestep ¢ to 500 and evaluated our
method under different hyperparameters on the RealSR [2]
dataset. As shown in Table 5, with the increase of A and -,



Table 6. A comprehensive evaluation against state-of-the-art GAN-based methods across synthetic and real-world datasets. The top-

performing results under each metric are marked in red.

Datasets Methods | PSNR{ SSIMT LPIPSt CLIPIQA+ MUSIQ+ MAINIQAT TOPIQ{ QALIGN 1
BSRGAN | 24.583 0.6269 0.3351 0.5246 61.196 0.5041 0.5460 3.1708

Divakve | REUESRGAN | 24203 06372 03112 0.5277 61.058 0.5485 0.5297 3.2768
LDL 23.828 0.6344 03256  0.5179 60.038 0.5328 0.5144 3.1797

TADSR 23.815 0.6028 0.3078  0.7353 69.649 0.6443 0.7044  4.0783

BSRGAN | 28701 0.8028 0.2858  0.5092 57.165 0.4845 0.5060 2.9580

Dreaisi | REIESRGAN | 28615 08051 02819 04525 54.268 0.4903 0.4623 2.8645
LDL 28.197 0.8124 02792 04475 53.949 0.4894 0.4518 2.8564

TADSR 28387 07758 03235  0.7398 67.016 0.6309 0.6758  3.7491

BSRGAN | 26379 0.7651 02656  0.5116 63.287 0.5420 0.5505 3.1843

Roaisp | REIESRGAN | 25686 07614 02710 0.4494 60.370 0.5505 0.5148 3.1073
LDL 25281 07565 02750  0.4555 60.928 0.5495 0.5125 3.0888

TADSR 25.166 07150 03168  0.7283 71.182 0.6715 0.7082  3.9477

Table 7. The inference time and the number of parameters of diffusion-based Real-ISR methods. The top-performing results under each

metric are marked in red.

StableSR | DiffBIR | SeeSR | SinSR | OSEDiff | S3Diff | AdcSR | TSDSR | PisaSR | TADSR
Inference Step 200 50 50 1 1 1 1 1 2 1
Inference time(s) | 10.40 9.83 5.64 |0.1785| 0.1463 |0.4704 | 0.0825 | 0.0947 | 0.1675 | 0.1465
#Params(MB) 1563 1682 | 2514 | 119 1775 1327 | 456 2207 1302 1777

our method exhibits a decrease in reference metrics while
no-reference metrics improve, reflecting a trade-off of fi-
delity for enhanced realism.

This phenomenon is consistent with the functionality
of TAVSD. As discussed in Section 1, the pre-trained
SD model exhibits different generative priors at different
timesteps: smaller timesteps tend to favor fidelity, while
larger timesteps tend to favor generation. This also means
that the teacher model in VSD will provide generation guid-
ance based on semantic priors when the time step is large.
Therefor, when \ and ~y increase, the same ¢4 is mapped to
a larger ¢, causing the teacher model to provide guidance
more biased toward generation. In terms of metrics, this is
manifested as an increase in no-reference metrics and a de-
crease in reference-based metrics. Considering the balance
between realism and fidelity, we ultimately choose A = 0.5
and v = 0 as the default setting for our model.

9. Comparison of Efficiency with Other One-
step Real-ISR Methods

We compare the number of parameters and inference time
of one-step diffusion-based Real-ISR models in Table 7. In-
ference time is measured on the x4 SR task with 128 x 128
LQ images using a single NVIDIA 3090 24G GPU. Com-
pared with OSEDiff [33], our method achieves roughly the
same inference time and parameter count, while showing
significant improvements in no-reference metrics and visual

quality. PisaSR requires two inferences to achieve control-
lable Real-ISR due to the presence of two LoRA weights. In
contrast, our method can obtain controllable Real-ISR with
a single inference simply by adjusting the time step, result-
ing in fewer inference steps and shorter inference time.

10. Comparisons with GAN-based Real-ISR
Methods

We compare TADSR with three GAN-based Real-ISR
methods: BSRGAN [41], RealESRGAN [26], and
LDL [17]. Quantitative evaluations are conducted on
the DIV2K [1], RealSR [2], and DRealSR [31] datasets,
with results summarized in Tab. 6. The experimental re-
sults demonstrate that TADSR, leveraging the powerful
generative priors of the pre-trained SD, achieves signifi-
cantly superior no-reference metrics (e.g., CLIPIQA [24],
MAINIQA [37]) compared to GAN-based methods.

Additionally, Fig. 9 presents a visual comparison be-
tween TADSR and other GAN-based methods. The results
show that TADSR reconstructs more photorealistic and nat-
ural outcomes, including higher fidelity in text and architec-
tural structures (from the first to the third group), and more
realistic rope textures (in the fourth group).
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Figure 9. Vision comparisons between TADSR and GAN-based Real-ISR methods. Zoom in for a better view.

11. More Visual Comparisons with SD-based
Real-ISR Methods

We provide more visual comparisons between TADSR
and other SD-based SR methods in Fig. 10 and Fig. 11.
Compared to other methods, TADSR consistently produces
clearer, more realistic, and more natural results. More-
over, although our training is conducted at a resolution of

512x512, we provide visual comparisons of TADSR and
other diffusion-based one-step Real-ISR methods on 2K-
resolution images. As shown in Figure 12, TADSR is also
capable of maintaining strong structural consistency and
producing realistic, natural SR results on high-resolution
images.
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Figure 10. Vision comparisons between TADSR and SD-based Real-ISR methods (SeeSR [34], OSEDiff [33], S3Diff [40], PISASR [22],
AdcSR [4], TSDSR [9]). Zoom in for a better view.
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Figure 11. Vision comparisons between TADSR and SD-based Real-ISR methods (SeeSR [34], OSEDiff [33], S3Diff [40], PISASR [22],
AdcSR [4], TSDSR [9]). Zoom in for a better view.
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Figure 12. Vision comparisons between TADSR and Diffusion-based Real-ISR methods (SinSR [27], OSEDiff [33], S3Diff [40],
PiSASR [22], AdcSR [4], TSDSR [9]). Zoom in for a better view.
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